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Abstract: Droughts during the growing season are projected to increase in frequency and severity 
in Iran. Thus, area-wide monitoring of agricultural drought in this region is becoming more and 
more important. Precipitation patterns changing is caused by extreme weather events such as 
drought which strongly affect agricultural production. In this study, two data sources are used in 
drought assessment. First, by calculating the Standardized Precipitation Index (SPI) in the periods 
of 1, 3, 6 months, and one year in the western agricultural areas of Isfahan province in the time series 
from 2016 to 2019, precipitation data were used to analyze and evaluate meteorological drought's 
spatial and temporal dynamics. Furthermore, the average loss of rainfall was calculated using 
TRMM satellite monthly rainfall data and the average NDVI monthly with Landsat 8 satellite im-
ages using remote sensing data. Then, the Composite Drought Index (CDI) is produced to assess 
agricultural drought in the 2017-2018-2019 time series. The correlation between the CDI and SPI 
varies between 0.19 and 0.81 in different months in the time series. The correlation between temper-
ature and CDI in different months varies from 0.22 to 0.75 and between evaporation and CDI from 
0.25 to 0.70 in time series. 
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1. Introduction 
Drought is a complex natural phenomenon caused by the imbalance of precipitation 

and evaporation. This crisis often occurs with a lack of rainfall and causes a decrease in 
soil moisture, which also affects plant growth in the long run [1]. Therefore, drought mon-
itoring is vital to avert and reduce disasters and losses in the agricultural economy. In 
general, drought is associated with climatic events. Variables such as rainfall, tempera-
ture, and river flow can provide good indicators of the occurrence or non-occurrence of 
drought. After that, these indicators can be converted into drought indicators that indicate 
the occurrence, magnitude, intensity, and duration of the drought event [2]. Drought var-
iables can contain an input or a combination of hydrological variables [3]. For this pur-
pose, indices that are a combination of hydrological variables lead to better results; Which 
variables to use depends on the situation, and the type of drought being analyzed. Also, 
the choice of drought index is determined based on the region of interest and data avail-
ability [4]. 

In recent decades, many indices such as Palmer Drought Severity Index (PDSI) [5], 
Standardized Precipitation Index (SPI) [6], and Standardized Precipitation Evapotranspi-
ration Index (SPEI) [7] have been proposed and widely utilized for drought monitoring 
[8]. Most of the studies have emphasized that PDSI has been a good index for drought 
monitoring at the variate regions [9,10]. SPI index is the precipitation-determining factor 
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in the formation of drought but didn't consider the effects of temperature on drought, 
which is one of its’ limitations. In the following two mentioned indicators and their chal-
lenges, SPI and PDSI were combined together which SPEI index took advantage of the 
multitemporal nature of SPI and sensitivity to evaporation and transpiration of PDSI. 
Many studies have used SPEI to analyze the spatiotemporal characteristics of drought in 
many regions [10,11]. In recent years, Remote sensing data with wide spatial coverage 
provided a good situation for extracting indicators and drought monitoring the spatial-
temporal pattern of drought. An important finding from various research is that Normal-
ized Difference Vegetation Index (NDVI) can be used for vegetation drought conditions 
[12,13]. In this way, according to the definition of NDVI, a number of vegetation indices 
such as the Vegetation Condition Index (VCI) [14,15], and Enhanced Vegetation Index 
(EVI) [16] were created to detect drought. However, the vegetation index is closely related 
to vegetation greenness and is often called the greenness index instead of the drought 
index [17]. Land surface temperature (LST) is sensitive to Water content and soil moisture, 
while land cover types can strongly influence the relationship between LST and soil mois-
ture [18]. This means that only using LST data for drought monitoring is not applicable 
when the study area has different types of land cover. For example, the Crop Water Stress 
Index (CWSI) [19,20], was only applicable to full vegetation areas [21]. Therefore, studies 
have worked on the integration of NDVI and LSI and concluded that this practice can 
provide more complete information about drought in bare soil than complete vegetation, 
and scientists have created many indices by combining LST and NDVI satellite data [22]. 

All the mentioned cases indicate the importance of continuous monitoring in suscep-
tible areas; Therefore, this research has focused on different goals in this field; These goals 
include: (a) Identifying minor spatial changes of drought using meteorological indices 
such as SPI and integration of indices such as NDVI and precipitation to assess agricul-
tural drought. (b) Using parameters such as SPI, temperature data, and evaporation and 
transpiration obtained from synoptic stations to check the performance of the used index. 

2. Materials and Methods 
2.1. Study Area 

The study area is located in the west of Isfahan province in Iran. It’s geographical 
coordinates is 49° 38’ 00” to 53° 12’ 00” longitudes and 31° 35 00” to 32° 58 00” latitudes 
and it’s area is estimated to be 41689 square meters. About 10% of the deserts in Iran are 
in Isfahan, and deserts make up about 33% of the area of this province. Figure 1 is the 
general display of the studied area. 

 
Figure 1. Location of study area. 

2.2. Dataset  
In this research, various remote sensing data including Landsat 8 OLI images for cal-

culating monthly NDVI from 2016 to 2019 and TRMM monthly rainfall data were used; 
They were considered as input data for the combined index of agricultural drought. Also, 
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field data include precipitation, temperature, and evaporation data of synoptic stations 
located in the study area between 2016 and 2019. Synoptic station information can be seen 
in Table 1. 

Table 1. Information of synoptic stations used in the research. 

Station Name Log Lat Elevation 
Daran 440813 3647769 1563 

Isfahan 566337 3597985 1550 
Isfahan Airport 580856 3623255 1543 

Golpaygan 433405 3703253 1850 
Meymeh 515492 3699340 2012 
Shahreza 576577 3538690 1859 

Kabootar Abad 578269 3598012 1543 

2.3. Proposed Method 
As mentioned, we tried to use field and satellite data for providing a valid composite 

index for agricultural drought assessment. The flowchart of the research is shown in Fig-
ure 2. 

 
Figure 2. Proposed method flowchart. 

2.3.1. Identification of agricultural areas 

In this part, first, the Landsat images were preprocessed; then in order to investigate 
the drought in the agricultural areas, NDVI time series for one crop year were obtained 
from the images and classified by applying the maximum likelihood algorithm, and fi-
nally, the agricultural areas, both wet and dry, were separated. According to the prepared 
map in Figure 3, the most of agricultural areas are located in the northwest and center of 
the study area. 

 
Figure 3. Agricultural lands in the study area. 
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2.3.2. Standard Precipitation Index (SPI)  
The Standard Precipitation Index was developed by McKee et al. [6]. One of the main 

advantages of the SPI is that it only requires precipitation data as an input, which makes 
it ideal for areas where data collection is not as extensive. The fact that the SPI is based 
solely on precipitation makes its evaluation relatively easy. The standardization of this 
index ensures independence from geographical position as the index in question is calcu-
lated with respect to the average precipitation in the same place [23]. 

2.3.3. Composite Drought Index  
Wisem et al. [24] created a Composite Drought Index (CDI) to evaluate multivariate 

droughts. The results showed that in comparison with univariate indices such as SPI, CDI 
provides a more comprehensive description of hidden variation in individual features of 
drought. In addition, it seems that the established CDI is a flexible and effective physical 
index that is dependent on the weather conditions of the studied region. Also, this index 
is a combination of precipitation, discharge, and NDVI index, the details of which are 
examined in [25]. 

2.3.4. Validation 
Validation plays an important role in performance of different algorithms which con-

firms the accuracy of the proposed approach. After creating CDI index maps, Accuracy 
assessment was done by calculating the correlation between the CDI index and the SPI 
index and temperature and evaporation data as ground truths. 

3. Implementation and results 
With attention to the High importance of drought and its high impacts, this event 

was studied in the time series from 2016 to 2019 in the agricultural areas of west Isfahan. 
Moreover, in this section according to the description of section 2.3, the results from the 
proposed approach have been examined. 

3.1. SPI index results 
The index was calculated to identify the regular year between 2016 and 2019. The 

results show that we can consider 2016 because neither drought nor wetness has occurred. 
Also, for the study of drought in the years 2017 to 2019, various time periods were con-
sidered. According to the results in this part, 2017 was the driest, 2019 was the wettest, 
and 2018 was the most normal year. 

 
Figure 4. Six- and twelve-month SPI index of weather stations in Isfahan city. 

3.2. CDI Index Results 
For a more detailed investigation of the drought in the western agricultural lands, in 

addition to the SPI index, the CDI index was estimated, which is a combination index of 
the amount of vegetation and rainfall of the area. When using the CDI index, we should 
consider a year as a normal year and other years as current year. In this study 2017 to 2019 
as the current year were considered to investigate the drought. As shown in Figure 5, in 
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2017 compared to 2018 and 2019, the intensity of drought is higher, especially in the north-
western parts, which are agricultural lands. In 2018 and 2019, despite the occurrence of 
drought in the agricultural sectors, the intensity was much lower than in 2017. 

   
(a) (b) (c) 

Figure 5. Annual CDI index of west Isfahan province. 

3.3. Accuracy Assessment 
In this section, necessary accuracy evaluations have been made to check the effective-

ness of the proposed research approach. 

3.3.1. Correlation between the CDI and SPI Indices 
The correlation between the two indicators has been computed in various months 

during the years 2017 to 2019. Due to the large volume of results, the correlation table 
calculated only for 2017 and some of its months, which was the most important year in 
this research, is presented. 

Table 2. Correlation between CDI and SPI in 2017. 

   SPI 
  Month 

SPI-1 SPI-3 SPI-6 SPI-12 

Feb 0.75 0.69 0.45 0.35 
May 0.65 0.30 0.19 0.69 
Agu 0.81 0.63 0.35 0.47 
Dec 0.68 0.63 0.65 0.42 

Generally, the correlation of different monthly periods was between 0.19 to 0.81 in 
the             distinct time series. 

3.3.2. Correlation between CDI index and evaporation field data 
In this section, the correlation between the CDI index and of evaporation in different 

months of 2017 to 2019 has been estimated, and some examples were presented in Table 
3. As it is understandable, the correlation between the various months is between 0.25 to 
0.70. In some months, correlation has not been taken due to lack of data. 

Table 3. Correlation between CDI index and evaporation. 

   Year 
  Month 

2017 2018 2018 

Feb 0.25 - - 
Mar 0.35 0.62 0.68 
Apr 0.57 0.42 0.39 
Age 0.55 0.70 - 
Dec - 0.58 0.48 

3.3.3. Correlation between the CDI and Temperature 
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The temperature is a good indicator of the energy balance on the earth's surface, 
which is one of the key parameters in the physics of the Earth's surface processes on a 
regional and global scale. Moreover it is an index that provides information about the soil 
moisture surface situation. In this section correlation between drought index, CDI and 
Temperature have been calculated. As can be seen in Table 4, these two studied data have 
a relatively good correlation. 

Table 4. Correlation between CDI index and temperature. 

   Year 
  Month 

2017 2018 2018 

Mar 0.52 0.65 0.45 
Apr 0.48 0.42 0.39 
Jun 0.40 0.56 0.45 
Age 0.55 0.70 0.50 
Dec 0.35 0.40 0.55 

4. Conclusion 
Drought is the main problem of arid and semi-arid regions, and the great variation 

in the time and place of drought occurrence has made it difficult and complicated to ac-
curately diagnose its occurrence based on spatial objectives [26]. Basically, for the quanti-
tative analysis of drought, it is necessary to have a specific index to accurately determine 
wet and dry periods [27]. Due to the fact that meteorological drought indicators are only 
valid for one place and do not have the necessary spatial resolution and are also depend-
ent on the information of meteorological stations and these stations are often distributed 
far apart, the reliability of these indicators has been questioned. The characteristics of sat-
ellite data such as high spatial and temporal resolution, wide coverage of the studied areas 
and direct investigation of the vegetation status by means of satellite indicators have 
caused many studies to be done for drought modeling using this technology and the use 
of these indicators. to be confirmed [28]. In this study, the composite drought index (CDI) 
of rainfall and NDVI was investigated to evaluate the agricultural drought in the western 
region of Isfahan province using 4-year data (2016–2019) from remote sensing data. This 
index was evaluated with the help of index (SPI), temperature and evaporation during 3 
years of drought. The results show the appropriate correlation between the CDI index and 
validation data and the efficiency of the proposed approach in drought monitoring. Re-
searchers are trying to use a longer time series to more accurately assess the drought in 
this region in future studies. 
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