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Abstract--- In this paper, we propose to establish a remote sensing-based agricultural drought indicator named 

Agricultural Drought Condition Index (ADCI) that will detect agricultural drought linked mainly to millet crops in 

the agricultural area of Niger. It is obtained by combining four key parameters: Precipitation Condition index (PCI), 

Evapotranspiration Condition Index (ETCI), Vegetation Condition Index (VCI) and Temperature Condition Index 

(TCI). PCI is used to reflect precipitation deficit (Du et al., 2013), VCI is used to reflect variations in the health 

status of vegetation, TCI is used to identify vegetation stress produced by high temperatures or excessive humidity 

and ETCI is used to reflect crop shortage. ADCI is calculated over the crop growth period (June to October) from 

2003 to 2017 in the agricultural area of Niger. Then, a comparison analysis between the ADCI results and the millet 

crop yield was carried out. Based on these results, ADCI shows a very statistically significant correlation with the 

millet crop yield throughout the millet growth period (June-October) and it is strongly correlated with the VHI index 

but provided better drought conditions then VHI. This new index is quite powerful and capable to identify and 

monitor the agricultural drought related to the cultivation of millet. 

Keywords--- Agricultural Drought, Agricultural Drought Condition Index (ADCI), Chirps, Modis, Principal 

Component Analysis, Niger. 

I. Introduction 

Drought is one of the most dangerous natural phenomena that exists today. Many researchers like (Kogan 1997; 

Park et al 2004; Jang 2004) have been working on this topic. Its consequences can be disastrous even in highly 

developed countries. In Niger, the agricultural sector is very often threatened by chronic agricultural droughts 

followed by extensive damage (environmental degradation, financial crisis, loss of human life and animal). 

Agricultural drought is classified as a calamity that can affect the economy and society at regional to national 

extents (Wilhite, 2000). For example in Niger, the 2004 drought created a cereal deficit of -21% on the national 

agricultural production. The 2009 drought created a cereal deficit of -12% and that of 2011 a deficit of -18% 

(Michiels et al., 2012). The 2009 drought led to the loss of 2.7 million head of livestock by starvation, and an 

additional 357,000 animals were affected. The total value of the capital lost in the crisis attributable to the drought is 

approximately $ 805 million (Douglas and Sally, 2014). 

Therefore, it is important to have a reliable and accurate tool that can correctly estimate the start, severity, and 

ending of a drought event to assist decision-making. Therefore, to better study the phenomenon of drought, it will be 

important to combine all aspects that can lead to drought. It have mainly two ways to calculate drought indices: from 

meteorological observation or from remote sensing data (Wilhite and Glantz 1985; Park et al 2004; Jang 2004). 

According to Rockström et al (2002), indicators resulting from meteorological observations are useful in rain 

farming. These indices are resulting from point data that are preferable for temporal monitoring at a point location 

but are not reliable in a spatial dimension. The disadvantage of meteorological data is that their use in a large area, 

as in our case, requires a high density of points which is difficult to obtain (Padhee et al., 2017). In addition, in order 

to know the spatial situations of drought from this data, an interpolation method is required (Du et al., 2013). 

However, according to Rhee et al (2010), the interpolation result is not always reliable because it can be affected by 

many factors. Therefore, indicators resulting from remote sensing is the ideal way for drought monitoring (Rhee et 

al., 2010). It offers a synoptic vision covering large areas instantly, high repetitiveness adapted to the monitoring of 

dynamic phenomena over time (Mishra and Singh, 2010). 
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According to the literature search, some drought-related indices or models have been established around the 

world. Leroux et al (2016) developed an empirical statistical model between the NDVI and the LST for the 

monitoring of rainfed crops over 11 years (2000 to 2011) at the scale of the Niamey Square Degree (NSD). The 

weakness of this model is that this area (NDS) is mainly dominated by agro-pastoral activities, with a mixture of 

livestock and crop cultivation (FEWS NET, 2011). Therefore, a pixel can contain several agricultural and pastoral 

information. Which explains the lower implementation of the model (Leroux et al. 2016). According to Sepulcre-

Canto et al (2012), the most commonly used indices to identify agricultural drought resulting from remote sensing 

are the Vegetation Condition Index (VCI, Kogan 1995), the Temperature Condition Index (TCI, Kogan 1990) and 

the Vegetation Health Index (VHI, Kogan 2002). VCI is based on the relation between the current weekly value of 

NDVI and the values of NDVI that represent the best (NDVImax) and the worst (NDVImin) crop growth conditions 

for the period under consideration. About TCI, it represents the relationship between the current weekly value of 

Brightness Temperature (BT) and the temperature that occurred for the potential (BTmin) and stress (BTmax) crop 

conditions within the same period. This index provides useful information on the stress of vegetation due to water 

saturation. The VHI index was developed by the combination of VCI and TCI and is found to be more effective 

compared to other indices in monitoring vegetative drought (Kogan 1990; Kogan 2001). This index is used for 

various applications such as agricultural drought detection, drought duration, crop yields, and crop production 

during the growing season (Unganai and Kogan, 1998). VHI is the best known and most used agricultural drought 

index because of its ability to detect agricultural drought. 

However, some improvements still need to be brought, because a good drought monitoring tool must take into 

account all components that could lead to drought. Thus, the interest of this research is to propose a new agricultural 

drought index, named Agricultural Drought Condition Index (ADCI), to better identify and monitor agricultural 

drought linked to Niger's main rain crop (millet crop). ADCI is based on the improvement of the VHI index 

(developed by Kogan 2002), it is obtained by integrating into the original VHI two key indicators on drought, 

precipitation through precipitation condition index (PCI) and evapotranspiration through evapotranspiration 

condition index (ETCI). We chose to use PCI because various studies (Farooq et al., 2009; Gago et al., 2015; Pérez-

Blanco et al., 2016) showed that water stress has been proved to be a major cause for the occurrence of agricultural 

drought and PCI can be used to identify a precipitation deficit. ETCI is used to reflect crop shortage because 

according to Senay et al (2012) a decrease in rainfall leads to crop stress and reductions in Evapotranspiration (ET) 

and finally manifesting in the degradation of crops. This index was calculated over the millet crop growth period 

(June to October) from 2003 to 2017. 

II. Study Area 

Our study area corresponds to the agricultural area of Niger defined by the Ministry of Livestock, Fisheries and 

Animal Industries (FAO and SFW, 2010) through the study of (Terpend and Saley, 2005). This area is situated in 

the southern strip of Niger and extends from west to East between 12° and 15° north latitude and between 0° and 12° 

East longitude. It is crossed by the Niger River to the West over a length of 550 km (Fig.1).  

 

Figure 1: Location of the Study Area. 

Source: Produced from the files "Administrative Limits‖ 
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The majority of the population is concentrated in the southern part of the country because the climate is 

favourable to live and also for agricultural activities (Clara, 2011). Depending on the rainfall distribution (from 

south to north), the agricultural area includes four climatic areas. 1), Sudanian area receives an average annual 

rainfall higher of 600 mm and is characterized by agricultural potential not yet well exploited. 2), Sahelo-Sudanian 

area (between 400 mm and 600 mm), It is characterized by a strong agricultural potential rainfed and irrigated, 

Cereal crops are the most cultivated. 3), Sahelian area (between 300 mm and 400 mm), agriculture is widely 

practiced, especially pure cereals. 4), Saharo-Sahelian area (between 200 mm and 300 mm) (Fig.1), it is the 

transition between the Sahara and Sahel, with random rainfall (RECA, 2004). 

III. Data and Method 

3.1 Data 

3.1.1 CHIRPS Precipitation 

The Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) is precipitation data from 1981 to the 

present. CHIRPS was developed to support the United States Agency for International Development's Famine Early 

Warning Systems Network, FEWS NET (Funk et al., 2015). The CHIRPS database, developed in 1981, incorporates 

images of space-based precipitation into a database of precipitation collected at ground stations around the world 

(Abdoulkarim et al., 2018). Each month's CHIRPS precipitation data is in mm with a spatial resolution of 

0.05°×0.05° and near-global coverage (50°S and 50°N). In this research, CHIRPS precipitation data was 

downloaded from the CHG-Climate Hazards Group (http://chg.geog.ucsb.edu/data/chirps/) for each of the five (5) 

months (June to October) from 2003 to 2017. Then resampled to a 1 km resolution. 

3.1.2. Normalized Difference Vegetation Index (NDVI) 

NDVI has been considered by many scientists as one of the important parameters for crop yield and pasture 

production, agricultural field mapping and drought conditions (Justice et al., 1985; Hielkema et al., 1986; 

Dabrowska-Zielinska et al., 2002). MODIS (moderate resolution imaging spectroradiometer) can be used to develop 

NDVI imagery at different resolutions (250, 500, and 1000 m). In this research, NDVI monthly (MOD13A3, version 

v6 with 1 km resolution) was downloaded from the Land Processes Distributed Active Archive Center-LPDAAC 

(http://lpdaac.usgs.gov/) on the five (5) months of the Niger crop year from 2003 to 2017. For each of 5 months of 

each year, two tiles of the MODIS sinusoidal tiling system (h18v07 and h19v07) have been downloaded to cover the 

entire study area then after, the tiles are mosaicked to obtain a single image that corresponds to the NDVI of the 

month in question.  

3.1.3 MODIS Land Surface Temperature (LST) 

The MODIS LST (MOD11A2, version 6) product provides an average 8-day per-pixel Land Surface 

Temperature and Emissivity (LST&E) with a 1-kilometer spatial resolution in a 1,200 by 1,200 km grid (Wan et al., 

2015). Thus, like the NDVI index, the eight-day LST (MOD11A2, v6) was downloaded from the same website as 

NDVI on the five (5) months of the Niger crop year from 2003 to 2017. A monthly LST of each month was 

calculated using the 8-day LST. 

3.1.4 Actual Evapotranspiration (Eta) 

Evapotranspiration (ET) is the combination of transpiration from vegetation and evaporation from soil. It is an 

important component of the hydrologic budget because it reflects the exchange of mass and energy between the soil-

water-vegetation system and the atmosphere (Senay et al., 2012). Actual ET (ETa) is produced using the operational 

Simplified Surface Energy Balance (SSEBop) model (Senay et al., 2012) for 2003 to the present. The SSEBop setup 

is based on the Simplified Surface Energy Balance (SSEB) approach (Senay et al., 2011) (Senay et al., 2013) with 

unique parameterization for operational applications. It combines ET fractions generated from remotely sensed 

MODIS thermal imagery, acquired every 10 days, with reference ET using a thermal index approach. The original 

formulation of SSEB is based on the hot and cold pixel principles of SEBAL (Bastiaanssen et al., 1998) and 

METRIC (Allen et al., 2007) models. Actual ET (ETa) is affected by land cover type and condition, as well as soil 

moisture. The dependence of ETa on land cover and soil moisture, and its direct relationship with carbon dioxide 

assimilation in plants, makes it an important variable for monitoring drought, crop yield, and biomass a critical 

capability for decision-makers interested in food security, grain markets, water allocation, and carbon sequestration 

(Bastiaanssen et al., 2005). The actual ET data unit is millimeters (mm) with a spatial resolution of 1km and ranges 

from 0 to 1200. Thus, the ETa monthly (June to October) data from 2003 to 2017 was downloaded from the Famine 

Early Warning Systems Network (FEWS NET) portal https://earlywarning.usgs.gov/fews. 
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3.1.5 Crop Yield Data 

The aim of this research is not to predict crop yield but to monitor successfully agricultural drought conditions in 

the agricultural area of Niger. The correlations test between the ADCI and crop yield data were used to test and 

validate the possible use of this new ADCI index. The most crop affected by the agricultural drought and consumed 

by the people of Niger is millet (family of Pennisetum glaucum) (Sivakumar, 1992). Thus, annual data on crop yield 

of millet (in kg/ha) was obtained from the Directorate of Agricultural Statistics (DAS) attached to Niger's Ministry 

of Agriculture. These available data cover an interval of 15 years 2003 to 2017, Tab. 1. 

Table 1: Annual Yield of Millet from 2003 to 2017 

Years Millet yield in kg/ha 

2003 476 

2004 364 

2005 450 

2006 483 

2007 451 

2008 511 

2009 411 

2010 529 

2011 391 

2012 544 

2013 413 

2014 451 

2015 530 

2016 537 

2017 542 

3.2 Methodology 

The methodological approach adopted is to propose an improvement of the vegetation health index (VHI) 

through the ADCI index to better detect the agricultural drought linked to the cultivation of millet in the agricultural 

area of Niger. To calculate this new index ADCI, we combined four condition indices using the principal component 

analysis (PCA) method: VCI, TCI, Precipitation Condition index (PCI), Evapotranspiration Condition Index (ETCI). 

PCI is defined as an index that can provide information of precipitation deficit (Du et al., 2013), VCI is used to 

reflect changes in the health status of vegetation (Kogan, 1995), TCI is used to detect vegetation stress caused by 

high temperatures or excessive humidity (Kogan, 1995b) and ETCI is used to reflect crop shortage (Senay et al., 

2012). The combination of these four key parameters will allow us to better understand and detect drought in the 

agricultural area of Niger. 

3.2.1 Principle of Calculation of Agricultural Drought Condition Index (ADCI) 

In the context of monitoring agricultural drought, it is important to take into account the main factors that could 

lead to this drought. Therefore, this leads to the manipulation of many information at the same time with risks of 

information redundancy. Thus, the PCA is the ideal method for this combination. According to Avena et al (1999), 

PCA is a technique for removing or reducing the duplication or redundancy in multispectral images and for 

compressing all of the information that is contained in an original n-channel set of multispectral images into less 

than n channels or, more specifically, to their principal components. 

Generally, the first principal component (PC1) at all times covers more than 75% information from the input 

data (Du et al., 2013) (PCI, VCI, TCI and ETCI in our case). 

Thus, to better exploit the information from VCI, TCI, PCI, & ETCI and eliminate redundant information, we 

used this method to calculate ADCI (through ArcGis software) and PC1 is defined as a new index, ADCI, Eq.1. 

 (1) 

 PCI 

PCI is a condition index that provides information about the meteorological drought (Du et al., 2013). Thus, 

using CHIRPS precipitation data, we calculated PCI by the same process of VCI to reflect precipitation shortage 

(Eq.2). As VCI and TCI, PCI also varies from 0 (unfavourable) to 100 (optimal), Tab.2. 
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(2) 

Where CHIRPScurrent is the precipitation of the month under review, CHIRPSmin is the minimum precipitation 

during the 2003-2017 period and CHIRPSmaxi is the maximum precipitation during the 2003-2017 period. Therefore, 

a monthly PCI (June to October) during 2003-2017 over the agricultural area of Niger has been calculated.  

 VCI

VCI is an index of vegetation resulting from the maximum and minimum NDVI values. NDVI is calculated from 

spectral band reflectance (red and near-infrared). This index was developed to control local differences in ecosystem 

productivity (Du et al., 2013). This index changes from 0 (very poor) and 100 (optimal), Tab.2. For example, for our 

study period (2003-2017), calculating the June 2003 VCI amounts to showing the vegetation behaviour of June 2003 

compared to the other 15 months of June in the series. VCI is obtained by Eq.3. Thus, from 2003 to 2017 monthly 

VCI (June to October) has been produced. 

(3) 

Where NDVIcurrent is the NDVI of the month under review, NDVImaxi is the maximum NDVI during the 2003-

2017 period and NDVImin is the minimum NDVI during the 2003-2017 period. 

 TCI

TCI is developed by (Kogan, 1995b). It has the capacity to detect variations in vegetation behavior in the event 

of relative temperature variation (Kogan, 2002). It is commonly used to detect vegetation stress caused by high 

temperatures or excessive humidity. As VCI, TCI also changes from 0 (very poor) and 100 (optimal), Tab. 2. The 

low TCI values represent water stress conditions while the high TCI values represent conditions where there is no 

water stress (Kogan, 1995b). TCI is obtained by Eq.4. 

(4) 

Where LSTmaxi is the maximum land surface temperature-day during the study period 2003-2017, LSTcurrent is the 

land surface temperature (LST-day) of the month under review and LSTmin is the minimum land surface 

temperature-day during the study period 2003-2017. 

Thus, a dataset of the VHI index was calculated over five (5) months (June to October) from 2003 to 2017. 

 ETCI

The actual ET is of interest to agriculture, water resources because it is an indicator of the crop water deficit 

(Allen et al., 2007). ETCI was used to reflect crops' water deficit in the agricultural area of Niger. It is obtained by 

Eq. 5 using the same process of TCI. ETCI also changes from 0 to 100, corresponding to changes in ET from 

unfavourable (0) to optimal (100), Tab.2. 

(5) 

Where ETamax is the maximum actual evapotranspiration during the 2003-2017 period, ETacurrent is the actual 

evapotranspiration of the month under review and ETamin the minimum actual Evapotranspiration during the 2003-

2017 period. Thus, using the ETa data, a monthly of ETCI (June to October) during 2003-2017 has been calculated. 

Table 2: The Drought Classification Schemes (VCI, ADCI) 

Drought classes PCI, VCI, TCI & ETCI ADCI 

Extreme drought PCI < 10 ADCI < 10 

Severe drought 10 ≤ PCI < 20 10 ≤ ADCI < 20 

Moderate drought 20 ≤ PCI < 30 20 ≤ ADCI < 30 

Light drought 30 ≤ PCI < 40 30 ≤ ADCI < 40 

No drought PCI > 40 ADCI > 40 

3.2.2 Principle of Calculation of Vegetation Health Index (VHI) 

This indicator combines NDVI (through Vegetation Condition Index, VCI) and LST (through Temperature 

Condition Index, TCI) to offer information on the health status of the vegetation. It is obtained by Eq.6 according to 

Kogan (2002). 
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 (6) 

IV. Results and Discussions 

4.1 Agricultural Drought Monitoring from 2003 to 2017 Using ADCI and VHI Indices  

In this section, it is a question to evaluate ADCI and VHI indices to define which of both indices can highlight 

the years of agricultural drought that Niger has experienced from 2003 to 2017. The index that will be able to 

highlight Niger's past droughts can be used to monitor Niger's future droughts. 

The results show that ADCI and VHI are highly correlated (R2 = 0.62) during the millet growth period from 2003 

to 2017 (Fig.2). The P-value < 0.0004 between ADCI and VHI is less than alpha (0.05), so the result of the 

correlation between ADCI and VHI is not a coincidence: the result of the correlation is statistically significant. 

 

Figure 2: Annuals Evolution of ADCI, VHI Indices and Millet Crop Yield from 2003 to 2017 

According to the studies of World Bank (2011) and Michiels et al. (2012), the great years of agricultural drought 

that Niger has experienced from 2000 to 20012 are 2004, 2009 and 2011. These droughts created, respectively an 

important cereal deficit of -21%, -12% and -18% on national production. 

According to the results of the ADCI and VHI indices (Fig.2), it was found that ADCI highlighted the same 

years of droughts with two other year‘s drought in 2013 and 2014 while VHI highlighted only the 2009 drought 

(VHI < 40). 

For both indices, the driest years during 2003-2017 was 2004 and 2009. The wettest years were 2005, 2010, 

2012, 2016 and 2017 for both indices (Fig.2). However, for the years 2004, 2011, 2013 and 2014, ADCI indicates 

severe drought conditions (ADCI < 40), while VHI indicates no-drought conditions (VHI > 40). Moreover, for the 

years 2004 and 2009 ADCI show more drought conditions (ADCI = 35.75 for 2004, ADCI = 31.40 for 2009) than 

VHI (VHI = 40.11 for 2004, VHI = 33.46 for 2009). 

During 2007-2008, ADCI and crop yield increased while VHI decreased. ADCI and crop yield changed 

consistently each other while VHI sometimes behaved differently, maybe because it does not use direct information 

from precipitation and/or evapotranspiration. 

According to the study of Michiels et al. (2012), the years 2005, 2010 and 2012 have been years of the great 

food crises that Niger has undergone. However, according to our results from Fig.2, we find that these years have 

been favourable for agricultural activities (ADCI & VHI value > 40). This is explained by the fact that, from 2003 to 

2017, the great years of drought that Niger experienced were mainly 2004, 2009 and 2011. 

The repercussions of these years of drought were thus manifest in the following years, which explains the food 

crises of 2005, 2010 and 2012. Thus, it can be noted that ADCI is strongly correlated with VHI and ADCI makes it 

possible to better detect and monitor the agricultural drought then VHI. ADCI does not highlight food crises, 

because it is set up only to detect agricultural drought. 
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4.2 Agricultural Drought Mapping Using ADCI Index 

Since the ADCI has better results than the VHI, ADCI is used to map and understand drought conditions that 

Niger has experienced in 2004, 2009, 201, 2013 and 2014.The ADCI‘s result shows that the 2004 drought, during 

June, the agricultural drought appeared mainly in the western part of Niger, characterized by states of extreme 

drought to moderate drought. 

From July to August, the severity of the drought decreased, especially in August, probably due to the arrival of 

the rains. From September to October, the drought worsened from moderate droughts to extreme drought. The 

central and the western part of the agricultural area is the most severely affected by agricultural drought (Fig.3). 

The 2009 drought was more severe than the 2004 drought dominated by intensity from severe to extreme 

drought throughout the millet's growth period (Fig.3). Indeed, according to (Michiels et al., 2012), 2009 was 

characterized by late rains and prolonged droughts that have seriously compromised agricultural production and led 

to serious degradation in the agricultural areas of the country. Even for the 2009 drought, the central and the western 

part of the agricultural area is the most severely affected by agricultural drought. 

For the year 2011, the agricultural drought started from the western part of June then spread to the East part to 

October. The western part is much more affected by drought (Fig.3). The drought of 2011 was less threatening that 

2009. 

The drought of 2013 and 2014 occurred almost in the same way from June to October. During these two years, 

August does not show a drought. This may be because during August precipitation reaches its peak. 

Thus, using the ADCI index, drought events were monitored from 2003 to 2017 using ADCI maps and its 

classification schemes. These results show that the central and western parts of the agricultural area of Niger are 

very susceptible to agricultural drought and, in general, drought begins from the western part and spreads to the 

central part until the eastern part. The event of drought can last during the entire period of growth. 

4.3 Evaluation of the Relationship between ADCI & VHI Indices and Crop Yield  

A correlation analysis (through scatter plots) is carried out between these indices and millet yield during the 

millet growth period from 2003 to 2017 to determine which of these indices will have a better correlation with millet 

yield (Fig.4). For June and August, both indices show a scattered point cloud, covering a large area and are not on 

the same diagonal, which explains the weak coefficient of determination (R2 = 0.11 between ADCI and millet yield 

and R2 = 0.09 between VHI and millet yield) obtained in Fig. 4a and Fig.4b. 

For June, it is logical that the correlation result should be low because this month is the beginning of growth in 

the cultivation of millet. Regarding July, the point clouds are on the same diagonal, but not very close together for 

the diagram (b-July) in Fig. 4, leading to a moderate relationship (R2 = 0.16) between the VHI and the millet yield 

and sufficiently close in the case of the diagram (a-July) to obtain a good relationship (R2 = 0.25) between the ADCI 

and the millet yield. From September to October, both indices show better correlations with the yield of millet. 

However, the correlation between ADCI and millet yield (R2 = 0.42 in September and R2 = 0.58 in October) is 

greater than the correlation between VHI and mil yield (R2 = 0.26 in September and R2 = 0.39 in October). 

September and October generally correspond to the months of harvest of millet through the agricultural area of 

Niger, which is normal that the correlation evolves between both months. 

At the end of this analysis, the ADCI index obtained by the first principal component (PC1) of PCI, VCI, TCI, 

and ETCI, shows a better correlation with millet yield during the millet growth period compared to the VHI index 

obtained only by the combination of VCI and TCI. ADCI can detect the drought consequence on agriculture. Thus, 

based on the ADCI classification, the condition of agricultural drought can be monitored. 

Input data for the calculation of the ADCI index and statistics from the main rainfed crop are independent and 

from different sources. However, that did not prevent from obtaining strong correlations between this index and the 

crop yield, on the one hand, a good correlation between VHI and ADCI on the other. This makes, it possible to say 

that the ADCI index can be a good indicator of agricultural drought and can, therefore, be used to detect and monitor 

the evolution of millet cultivation in the agricultural area of Niger. 

Thus, for each month of the year (June to October), the ADCI index will be calculated in order to monitor millet 

cultivation. When the ADCI values are low, it probably means that we are in an agricultural drought and when the 

ADCI values are high, we are probably in a non-drought period. 
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Figure 3: Mapping of Drought Conditions in the Agricultural Area of Niger during the Great Years of Drought 
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Figure 4: (a) Scatter Plots between ADCI Index and Millet Crop Yield and (b) Scatter Plots between the VHI Index 

and Millet Crop Yield during the Crop Growth Period (June - October) from 2003 to 2017

V. Conclusion 

The combination of different indices, PCI, VCI, TCI, and ETCI with 1 km resolution using the PCA method 

named ADCI index was identified as an ideal drought index that can monitor the started, extent, and severity of 

agricultural drought. This new index contains diverse information from precipitation, vegetation, land surface 

temperature and evapotranspiration. 

To evaluate the ADCI, it was compared to the VHI and millet crop yield. At the end of these results, ADCI is not 

only powerfully correlated with the millet crop yield than VHI during the millet growth period, but also ADCI can 

better reflect the intensity and areas affected by drought than VHI in the agricultural area of Niger. The most 

vulnerable and usually affected by agricultural drought are the central part (Maradi and Zinder regions) and the 

eastern part (Diffa region). Thus, based on these results, the ADCI will be an ideal way of monitoring the yield of 

millet and sorghum in the agricultural area of Niger. 
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