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Abstract 

Drought remains a phenomenal disaster of critical concerns in West Africa, particularly in the Niger 
river Basin, due to its insidious and multifaceted nature. Its continuous devastating impacts on 
communities, coupled with the limitations of existing univariate index-based monitoring approaches 
contributes to the problem. The paper aims to introduce and evaluate a Hybrid Drought Resilience 
Empirical Model (DREM) that integrates meteorological, agricultural, and hydrological drought 
indicators to enhance their concurrent monitoring and early warning in the region for effective 
decision-making. The datasets used include reanalysis hydrometeorological records from 1980–2016, 
and community-level vulnerability data. Results show that DREM-based composite index detects 
drought earlier than SPI-based indices, with higher agreement to soil moisture and streamflow. The 
model detects drought initiation when the drought thresholds are of the range -0.26 to -1.19 over a 
period of three consecutive months depending on the location. The end of droughts occurs when 
thresholds are higher and of the range of -0.08 to -0.82 depending on the location. Thus, based on the 
findings of this study, the DREM-based composite index has indeed proven to be a suitable drought 
monitor for the Niger Basin and early warning tool decision-makers and stakeholders can trust with 
high confident. 

Keywords: climate variability; single variable drought index; composite drought index; drought 
empirical model; monitoring; early warning; Niger basin; percentile rank; multivariate indicators 
 

1. Introduction 

Drought is a significant threat to both humans and ecological systems across the continent of 
Africa; particularly the West African region. Drought is a type of extreme climatic variability [1]; 
which has been hypothesized to be deeply rooted in West Africa [2,3]. Both the onset and end of 
drought are difficult to determine, because, drought is normally a creeping phenomenon [4]. Usually, 
it starts slowly and gradually becomes noticeable only when its effect starts to wreak havoc on a 
region [4,5]. In the Niger Basin of West Africa, drought remains the most complex and least-
understood of all-natural hazards causing more deaths, conflicts, and displacement of more people; 
than other natural disasters [2,4,6]. This is because, there is a connection between the region’s climatic 
variability and economic impact of drought [2,7,8]. As a result, aside the back-to-back drought events 
of 1970s and 1980s ensuing in famine and humongous economic losses [2], between 2010 and 2013 
the region again experienced a resurgence of drought events, which led to nearly 18.7 million people 
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(though situation may have been aggravated by insecurity in some parts) in 2012 facing starvation 
[4,9,10]. The high number and spatial extent of the affected people shown in Figure 1 are clear 
evidence of the failure of existing approaches to drought monitoring and early warning systems in 
the Niger Basin; which are driven majorly by univariate-drought indicators. According to [11] the 
2010 drought in the Sahel severely affected northern Nigeria, Niger, and Mali, displacing 
communities and reducing agricultural output by more than 40%. 

 

Figure 1. Distribution of drought affected population between 2010 and 2012 in West Africa (Source: FAO, 
2012). 

The Niger River Basin is known to be a vital hydrological and socio-economic corridor in West 
Africa; however, this is being undermined by the region’s projected drier conditions [6]. Thus, the 
lingering drying conditions of the region, continued to remain a nightmare, and worsening the 
situation is the recent projected increase in climatic variability under climate change [1]. Worsening 
the vulnerability of West African region to climate change is its high reliance on rain-fed agriculture. 

Climate change is expected to amplify drought conditions through temporal shifts or changes in 
rainfall patterns (i.e., shorter, delayed rainy season and more dry spells), evaporation rates, and water 
cycles [12]. Usually, these shifts pose significant challenges for agriculture, water management, 
health, and adaptation planning. Based on recent studies, as temperatures rise, soil and water bodies 
lose moisture thereby, making the environment drier [13,14]. Furthermore, the World Meteorological 
Organization (WMO) 2021 State of Climate Services Report stated that the number of occurrence and 
duration of droughts have increased by 29% over the past two decades, especially since 2000. It 
further reported that majority of the fatalities occurred in Africa, ensuing in looming water crisis 
(https://public.wmo.int/en/media/press-release/wake-looming-water-crisis-report-warns-accessed -
2-12-2021. Also, in the most recent World Meteorological Organization (WMO) 2024 State of Climate 
Services Report [15] released, dry conditions in what was usually the wet season in late 2023 and 
early 2024 resulted in significant drought in north-western Africa; and the severe drought led to 
significant impacts on agriculture and hydroelectric production. As a result, [16] in their study 
posited and recommended that significant efforts be devoted in a timely manner to minimizing the 
vulnerability of droughts to climate change. This is because, the authors further concluded, changes 
in drought intensity and frequency have a greater detrimental effect on hydrological ecosystem 
services. These unwarranted challenges have been made worst by lack of universal definition of 
drought because drought definition is usually impact and location specifics [4,17]. 
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Furthermore, droughts are multifaceted in nature and usually, categorized into four types, 
namely, meteorological, agricultural, hydrological, and socio-economic [18]; thus, making its 
management complex and challenging. [4] argued that if you cannot define drought, you cannot 
detect and measure it, and if you cannot measure it, you cannot effectively manage it. Traditionally, 
the ways to measure drought has been by comparing observed precipitation with what’s known to 
be normal, which refers to climatologic drought, or by comparing soil moisture and crop conditions 
with what’s normal, referring to agricultural drought, or by looking at how much water is contained 
in snow, the level or flow rate of moving water, water in reservoirs, or groundwater levels , which is 
referred to hydrological drought (https://droughtmonitor.unl.edu /data/docs/USDM_brochure.pdf). 
For example, meteorological droughts, which is marked by insufficient precipitation, can rapidly 
evolve and serve as precursors to other subsequent drought categories, leading to deficits in soil 
moisture and decreased streamflow, which in turn trigger water supply shortages [18–20]. Soil 
moisture is an essential element of the environment. It modulates crop production, hydrological cycle 
and meteorology of a place. Usually, it indicates the dryness of the ground surface [21]. Drought has 
become one of the most severe climatic events that need to be mitigated to reduce its negative impacts 
on a region [22,23]. 

Over the past 5 decades or more drought disaster challenges have been addressed by drought 
managers typically by relying on the use of variety of drought indices for monitoring and early 
warning of impending drought. Index-based drought monitoring, and assessment approaches are 
now widely employed operationally, because of their capabilities in simplifying complex inter-
relationships between many climates and climate-related parameters [24]. 

Generally, drought indices have proved to be indispensable tools for detection, measuring, 
monitoring and evaluation of the characteristics of drought events. Among the commonly used 
drought indices are the Palmer Drought Severity Index [25], the Standardized Precipitation Index 
(SPI) [26], and the Standardized Precipitation Evapotranspiration Index (SPEI) [27], using indicators 
like precipitation, temperature, soil moisture, streamflow, etc. [28]. Both SPI and SPEI primarily rely 
on meteorological data, thereby, neglecting other essential components of the hydrological cycle 
relevant for a thorough assessment of drought conditions, such as soil moisture, groundwater levels, 
and the potential impacts on runoff and water availability [29]. 

Notably, each drought index was developed to address specific needs; however, the plurality of 
these indices often leaves the end-users and decision-makers confused [30]. For example, a study by 
[31] over the upper Niger sub-catchment area observed varying and conflicting information on the 
drought severity and number of drought occurrences calculated by three different indices, namely, 
Standardized Anomaly Index (SAI), Bhalme and Mooley Drought Index [32] and Standardized 
Precipitation Index (SPI) (all meteorological drought indices). The authors posited that this could be 
misleading and even cause confusion in terms of decision-making in response to the drought 
problems. 

Oftentimes, while placing the current conditions in historical perspective, these drought indices 
are utilized in characterizing drought and its statistical properties; because they can provide both 
spatial and temporal representations of historical drought. As a result, many indices were created 
during the 20th century to measure drought severity by looking at precipitation, soil moisture, stream 
flow, vegetation health, and other variables [33]. Such that there are over 150 known drought indices 
in existence today [34], which have been reviewed and compared in a number of studies e.g., [35–37]. 

Recent study by [4] using of SPI model revealed that West Africa like other regions of the world, 
can also benefit from the utilizing objective drought thresholds or triggers that are both impact and 
location specific for identifying or defining and tracking the onset of moderate, severe, extreme, and 
exceptional drought events ahead of time. However, the authors concluded that the problem with 
the SPI-based objective thresholds, is that it’s driven solely by univariate indicator, that is, 
precipitation. By implication, the model neglects the importance of evaporative demand of the 
regional atmosphere due to air temperature. According to [38], there is need for appropriate 
technique in this region for determining drought occurrence to reduce its impact on the society. 
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Furthermore, there has been heightened interest recently, for a regional dimension to the 
management of the recurrent Sahelian droughts in the Niger basin. This is because current univariate-
based drought indicators techniques employed in the management of the drought disasters have not 
yielded the desired solution, nor have they been effective in addressing the problem [4]. The failure 
stems from the fact that first, droughts affect the entire hydrologic system, and wide variety of 
disciplines and socio-economic sectors. Second, is the many timescales drought is known to be 
operating on and diverse geographical and temporal distribution of the phenomenon, which make it 
difficult to establish both a universal definition of drought and an index to measure it. Thus, defining 
drought is difficult because there is need to consider and incorporate the various components of the 
hydrologic cycle affected by the water deficit and the time associated with water deficits 
(https://geochange.er.usgs.gov./sw/ changes/ natural/drought-accessed-1-12-2022). Therefore, 
continuous and simultaneous monitoring of suite of indicators are required to concurrently track the 
different aspects of drought in a holistic manner [39]. This is necessary to facilitate the understanding 
of the complex nature of drought in the area, as well as improve its mitigation, which can be better 
achieved using a composite drought index (CDI). 

Since 2002, there has been a paradigm shift towards a multivariate drought analysis using 
composite drought indices (CDI) technology. The US drought monitor (USDM) [40] has become, at 
least in the United States of America, the standard in multivariate drought analysis. It is a hybrid 
composite drought index (CDI) that combines two or more drought indicators or indices into a single 
index. Such indicators often reflect the different components of the hydrological cycle [41]. For 
example, the USDM method integrates Palmer Drought Severity Index (PDSI), Standardized 
Precipitation Index (SPI), Percent of Normal Precipitation (PNP), Climate Prediction Center soil 
moisture (CPC-SM) and Streamflow Indices. The USDM uses these indices to produce one statistic 
that summarizes the drought status, magnitude, and severity across several variables. 

Alongside the USDM is the North America Drought Monitor (NADM) regional state-of-the art 
drought monitoring tools developed through expert integration of diverse set of quantitative drought 
indicators along with local impacts reports from observers in the field [40]. Usually, the two indices 
(USDM and NADM) use percentile rank approach to establish thresholds for drought severity 
categories, which is roughly aligned with possible return periods for droughts [40]. Generally, the 
combining indicators are weighted based on how well they performed in detecting and 
characterizing drought events in various parts of the country [40]. 

Operationally, the USDM and NADM define drought initiation of moderate severity with 20th 
percentile threshold. By implication, 20 percent of the time the precipitation deficits exceed the 
threshold. Other examples of existing composite drought indices besides the USDM and NADM are 
the China Meteorological Composite Drought Index [42], the Combined Drought Indicator of the 
Communities of European Union Drought Observatory (EDO) [43], and Kenyan Combined Drought 
Index [44]. Most recently, [45] developed a composite drought index dataset for Niger using a 
weighing technique combining entropy and Euclidian distance. 

Among the strengths of the CDIs is harmonizing and streamlining drought management 
decision-making process, because of their ability to concurrently track all aspects of drought and 
provide information to diverse audience [40]. However, they may generally mask many of the 
complex interactions leading to drought going on at different temporal and spatial time [40]. While 
meeting the data requirements of USDM remains a constraint in implementing it outside United 
States, the USDM as a model for drought early warning systems can, however, be adapted for use in 
other regions while considering the unique characteristics of the region and indicators for the 
hydrological cycle available [46]. For example, it has been adapted in Morocco, Spain, South Korea, 
and some other parts of the world [47,48]. 

To effectively, management drought hazard, therefore, its composite nature needs to be 
recognized and treated as such in a comprehensive and integrated manner. Effective drought 
monitoring system should integrate all the relevant components of the hydrologic cycle (i.e., 
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precipitation, soil moisture and streamflow) into a comprehensive assessment of current and future 
drought conditions [40]. 

West Africa is one of the major parts of the world facing recurring severe droughts, and still do 
not have comprehensive, integrated information and early warning systems in place [49]; thereby 
making generalization and discussion on the whole basin, as a unit difficult [50]. Despite the 
significance of drought hazard, the West African region does not have an effective institutional 
capacity not only to respond and to adapt to climatic variability and [51,52], but to also conveniently 
deal with the ensuing extreme events like droughts. 

Similar to other parts of the world, worthwhile efforts have been made to tackle drought hazard 
in West Africa. Nevertheless, more works are still needed to improve the integration of different types 
of droughts and access to accurate and timely monitoring and predictive tools to assist both the 
government and non-governmental decision-makers in the Niger basin of West Africa to become 
more effective in preparing and responding to droughts and food security [53–55]. This is necessary 
because drought had remained a major disaster, causing huge damages to humanity, the 
environment, and the economy of this region [56]. 

It is against this backdrop, decision-makers and stakeholders often ask such questions as how 
can we have an all-purpose or all-in-one drought threshold for prompt detection and early warning 
of impending outbreak of either meteorological, agricultural or hydrological type of drought in the 
region? or How can farmers, water resources managers, planners and meteorologists, be aided 
operationally, to concurrently, identify a looming meteorological, agricultural and hydrological 
drought hazards before being affected? How reliable are the information from a hybrid system 
support tool used in making such drought management decisions that can profit diverse audience? 
Hence, the need to address these concerns, as they remain major gaps in the drought literature of 
West Africa. Therefore, this study develops a multivariate, objective drought index (DREM) for the 
Niger Basin, capable of detecting meteorological, agricultural, and hydrological droughts 
concurrently. We then compare its performance to standard indices like SPI. 

2. Materials and Methods 

2.1. Study Area 

The study focuses on the Niger River Basin (NRB) of West Africa located roughly between 
longitudes 12oW and 15oE, and latitude 4o and 17oN, and covering approximately 7.5% of the 
continent of Africa. With the headwaters located at the fringes of the Guinean moist forests, the Niger 
River traverses almost all the possible ecosystem zones in West Africa, especially along its course. It 
is a trans-boundary river basin shared by nine riparian countries (Figure 2), geographically spanning 
over Guinea, Mali, Niger, Nigeria, Benin, Burkina Faso, Cameroon, Chad, and Côte d’Ivoire. It has a 
total population of over 100 million people depending on the river for their livelihoods, such as 
agricultural production and food security, transportation, trade, hydropower, and recreation [57]. In 
terms of drainage area including the flow regime, the Niger River is the third longest river in Africa, 
after Nile and Congo; with its 4,200km length and drains through hydrologically active catchment 
area of 1.5 million km2. Figure 2 provides succinct description of major vegetation belts and drainage 
networks of the Niger Basin. 
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Figure 2. The Niger River Basin of West Africa, showing the major vegetation belts, and the drainage network 
(Source: Tarhule et al., 2014) [58]. 

Furthermore, the tropical climate of Niger Basin witnesses 7 months of cropping season (i.e., 
April to October) every year, during which more than 95% of the total annual rainfall is experienced 
[59]. Usually, annual rainfall ranges from about 100 millimeters (4 inches) in the Sahel zone to more 
than 1,200 millimeters (48 inches) along the pure tropical areas in the Guinea zone. The basin 
regularly, experiences alternating wet and dry seasons that characterizes the climate of the region, 
and comprises of two sub-areas, the semi-arid Sahelian region (12oN- 20oN) and humid Guinean coast 
(south of 10oN). The Sahel region represents an ecotone or transition between the Saharan desert and 
the wet climate of Guinea coast. 

Additionally, as a result of its heterogeneous nature and large size, as well as its topographical 
and hydrological characteristics, the basin is often divided into four sub-basins namely, the upper 
Niger, inner delta, middle Niger, and lower Niger [60]. Figure 3 is a schematic map of the four (4) 
Niger River sub-basins. These sub-basins provide a better understanding of the biophysical, 
hydrological, and socio-economic processes affecting the basin’s water resources [61]. 
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Figure 3. The Four watersheds of the Niger River Basin West Africa (Source: Adapted from Abrate et al., 
2010)[62]. 

2.2. The Reanalysis Data 

The data required and analyzed in this study comprise principally long-term monthly hydro-
meteorological reanalysis datasets from the African Drought and Flood Monitor (ADFM) database 
covering the period 1980–2016 as shown in Table 1. 

Table 1. Summary of reanalysis hydro-meteorological data used. 

Parameters Record Period Time scale Spatial scale   Source 
Precipitation 1980–2016 Daily 0.25 x 0.25 AFDM website 
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Temperature 1980–2016 Daily 0.25 x 0.25 AFDM website 
Soil moisture  1980–2016 Daily 0.25 x 0.25 AFDM website 
Streamflow 1980–2016 Daily  0.25 x 0.25 AFDM website 

The ADFM was developed by [63], and is updated daily and provides multiple hydrologic 
variables at both continental and basin scales. The suite of univariate drought indicators from the 
ADFM were produced using Variable Infiltration Capacity (VIC) model. The VIC model is a large-
scale, semi-distributed land surface hydrologic model [64]. These suite of indicators include 
precipitation, temperature, soil moisture and streamflow datasets. Normally, to display and view the 
data of a desired variable, the location, or a point for which the data is to be extracted was first selected 
[65]. Typically, the data extraction is done graphically by clicking on the map or by entering the 
location coordinates (i.e., latitude and longitude). Accordingly, by selecting point data section on the 
system, the time interval, and clicking on data download and answering ’yes’ on creating a 
corresponding data file question, and manually entering the coordinates (i.e., the latitudes and 
longitudes) of each of the selected locations respectively, the datasets were obtained at point scale. 

Following the aforementioned procedure, the datasets were extracted for 60 stations scattered 
across the nine countries of the Niger river Basin shown in Figure 4. With regards to the study period, 
it has been selected to bring major drought episodes that occurred after the 1970s and the recovery 
years from the 1990s into historical context; as well as to ensure that the minimum of 30 years of 
continuous records required for the computation of robust drought indices is conformed with [66]. 

Historically, drought assessment usually relies on limited ground-based meteorological 
precipitation and temperature measurements. However, it is well-known these have never captured 
the full complexity of drought impacts on vegetation, soil moisture, agriculture, and water resources 
[67]. In this study, therefore, the reanalysis dataset has been preferred because of the (a) paucity of 
the observational dataset has been a major problem to drought depiction in the region [4,68,69]. For 
example, according to [4] the percentage of data gaps found from a preliminary analysis carried out 
ranges from 13.2%–50.5% depending on the location, (b) the database provides hydro-meteorological 
series of high resolution and quality. Usually, the reanalysis datasets are made available to the public 
through a web-based interactive interface, which is based on Google maps. Such setting allows a user 
to interact with the system, zoom in to a specific location, display maps and time series, as well as 
download the data. The link to the dataset is 
http://stream.princeton.edu/AWCM/WEBPAGE/interface.php. 

 
Figure 4. Country-wise distribution of number of stations in the study area. 
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2.3. In-situ Observational Station and Ancillary Data 

The in-situ observational records used in this study for bias-correction of the AFDM datasets 
were extracted from the database of the Global Historical Climatology Networks (GHCN-NOAA, 
www.ncdc.noaa.gov/ghcnnm/v2.php) available for the period 1950–2001. The choice of the database 
hinged on its well-known high-quality data. Another source of observed station data considered to 
cover the study period was air temperature and rainfall data (1980-2020) from Nigerian 
Meteorological Agency (NiMet). Also, used is the community-based drought related vulnerability 
data such as losses in agricultural yields, losses in hydropower production, income, migration of 
affected population etc. collected through research questionnaire instrument. 

The ancillary data used in this study include the Digital Elevation Model (DEM) and Normalized 
Difference Vegetation Index (NDVI). The DEM was sourced from HYDRO1k, a geographic database 
developed by the U.S. Geological Survey’s EROS Data Center (http://www.creaf.uab.es 
/miramon/mmr/examples/miombo/docs/database). It was used for delineating and describing the 
study area using Spatial Analyst Tool in ArcMap Geographic Information System (GIS). The NDVI 
dataset was extracted from the ADFM database and used for the performance evaluation of the CDI. 
The performance evaluations were based on exploratory data analysis and use of some statistical 
tools, which include Mean Absolute Error (MAE), Coefficient of Determination (R2), Nash Sutcliff 
Efficiency (NSE), and Bias Percent (PBias) and Index of Agreement (d). 

2.4. Methodology 

2.4.1. Data Quality Control: Bias Correction of Reanalysis Dataset 

The AFDM reanalysis datasets namely, precipitation, air temperature, soil moisture and 
streamflow were subjected to quality control to correct the biases and improve on the quality of the 
datasets using the linear scaling method [70]. This method was preferred to delta and quantile 
mapping methods of bias correction, because of its simplicity and straightforward application in 
dealing with observed and predicted probability distribution functions (PDFs)/CDFs. Moreover, it is 
well suited for handling both bounded variables such as precipitation and unbounded variable like 
temperatures [71]. Usually, precipitation is corrected with a multiplier (x) and temperature with an 
additive term [72,73]. Subsequently, the obtained BCF was used to correct the reanalysis dataset for 
the 2002–2016 periods. The mathematical expression of the linear scaling method is as stated below. 

𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐.𝑚𝑚(𝑡𝑡) = 𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟(𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚).𝑚𝑚(𝑡𝑡) 𝑥𝑥 𝑃𝑃
�𝑜𝑜𝑜𝑜𝑜𝑜.𝑚𝑚 (𝑡𝑡)
𝑃𝑃�𝑟𝑟𝑟𝑟𝑟𝑟.𝑚𝑚 (𝑡𝑡) , t =1,2,……………,35J     (1) 

𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐.𝑚𝑚(𝑡𝑡) = 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟(𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚).𝑚𝑚(𝑡𝑡) +  µ�𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜.𝑚𝑚(𝑡𝑡)� − µ(𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟.𝑚𝑚 (𝑡𝑡))     (2) 

where   𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐.𝑚𝑚  , and 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐.𝑚𝑚  are corrected monthly precipitation and temperature, while 
𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟(𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚).𝑚𝑚  and 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟(𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚).𝑚𝑚  are uncorrected monthly precipitation and temperature. 
𝑃𝑃�𝑜𝑜𝑜𝑜𝑜𝑜.𝑚𝑚 and 𝑃𝑃�𝑟𝑟𝑟𝑟𝑟𝑟.𝑚𝑚 are the mean values of monthly observed and climate model reanalysis data for 
the calibration period(t), and J is the number of years. 

2.4.2. Understanding the Climatology of Niger River Basin Based on Station Data 

The knowledge of the climatology of a place is critical in establishing an objective operational 
threshold for defining and distinguishing dry spells from actual drought conditions; thus, needs to 
be analytically, elucidated. Additionally, being able to recognize an emerging drought, or knowing 
whether drought is over, entails understanding what is normal for a given season or location, and 
considering longer time frames. For instance, if an area has been in drought for a while it naturally 
takes more than one or two rains of significant values to end it, although one rain may be all that is 
needed to awaken inactive vegetation or spur growth of crop (https://droughtmonitor.unl.edu/ 
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data/docs/USDM_brochure.pdf). To this effect, analyses of the spatial characteristics of rainfall of the 
region from 1980 to 2016 has been carried out. 

2.4.3. Conceptual Framework of Design of Niger Basin Drought Monitor (NBDM) 

The Niger Basin Drought Monitor (NBDM) functions as a Drought Resilience Empirical Model 
(DREM), represented in Figure 5. It connects the main drought types—meteorological, agricultural, 
hydrological, and socio-economic—showing how precipitation acts as the carrier of drought signals 
[74] through the hydrological cycle. Reduced rainfall leads to soil moisture deficits, plant stress, 
groundwater decline, and streamflow reduction, resulting in agricultural and hydrological droughts 
[18,75,76]. For example, [77] found a substantial seasonal correlation between meteorological and 
agricultural droughts in spring, summer, and autumn, as evidenced by cross-wavelet coherence 
analysis. 

 
Figure 5. The Conceptual Framework of Study. 

Meteorological drought arises from prolonged precipitation shortages. These shortages, 
worsened by rising temperature or evapotranspiration, trigger agricultural drought when soil 
moisture falls below levels needed for crop growth, leading to reduced yields. Hydrological drought 
occurs when surface and subsurface water resources, runoff, and groundwater recharge fall below 
normal. Socio-economic drought emerges when these water deficits disrupt human activities. Two 
concepts namely, timescale and inertia underpin drought behavior and monitoring [35]. Inertia 
reflects delays in system responses to drought signals, while timescale refers to the lag between water 
shortages and their impacts [77,78]. For instance, soil moisture reacts quickly to rainfall deficits, while 
groundwater responds slowly. Monitoring requires capturing these lags to provide early warning 
and action [79]. To integrate predictors, multiple regression models generate a weighted linear 
combination, (www.unt.edu/rss/class/mike/ 5710/Multiple%20Regression) illustrated in Figure 6. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 October 2025 doi:10.20944/preprints202510.1733.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1733.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 32 

 

 

Figure 6. Concept of the working of the Linear combination model. 

The mathematical formulation for the empirical derivation of the DREM or NBDM model based 
on the objective blend of drought indicators (OBDI) is as expressed below 

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 =  ∑ 𝑊𝑊𝑗𝑗𝐷𝐷𝐷𝐷𝑗𝑗𝑁𝑁
𝐽𝐽=1               (3) 

where, 𝐷𝐷𝐷𝐷𝑗𝑗  represents the selected input drought indices and /or indicator, 𝑊𝑊𝑗𝑗  is the weight for 
each index, N is the number of input drought indices 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 𝐶𝐶𝐶𝐶𝐶𝐶 =  𝛽𝛽1𝑀𝑀𝑀𝑀𝑀𝑀.𝐷𝐷𝐷𝐷 +  𝛽𝛽2𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴.𝐷𝐷𝐷𝐷 +  𝛽𝛽3 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻.𝐷𝐷𝐷𝐷  (4) 

where β1, β2 and β3 represent the weightings (Wj) of the meteorological drought index (Met. DI), 
agricultural drought index (Agric. DI) and hydrological drought index (Hydro. DI) respectively. The 
weight β1, β2 and β3 as shown in equation 4 is constraint to 1, to minimize error, hence, β1+ β2 + β3 = 
1. 

2.4.4. The Development Process of the Niger Basin Drought Monitor (NBDM) 

The Niger Basin Drought Monitor (NBDM) was developed in the form of Objective Blend of 
Burden of Drought Disaster Indicator (OBBDDI) similar to USDM Objective Blend Drought 
Indicators (OBDI). The OBBDDI is a drought resilience empirical model (DREM) established from a 
linear combination equation. The OBBDDI was created by integrating three input indices namely, the 
Standardized Effective Precipitation Index (SEPI), Soil Moisture Index (SMI) and the Streamflow 
Index (SFI) representing indices for the three biophysical forms of drought i.e., meteorological, 
agricultural, and hydrological drought to establish an “All-in-One drought Model” for concurrent 
tracking of anomalies of three components of the hydrological cycle (i.e., precipitation, soil moisture 
and streamflow) with the view to monitor drought evolution in the basin holistically. 

With regards to the commonly used meteorological drought indicator, the SPI, the lack of 
consideration for the effect of temperature on drought constitutes one the limitations of SPI model. 
Hence, instead of using SPI as input indicator, the Standardized Effective Precipitation Index (SEPI) 
was introduced as indicator of meteorological drought. Therefore, to account for the effect of 
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temperature or potential evapotranspiration, effective precipitation was considered and transformed 
into Standardized Effective Precipitation Index (SEPI) following the SPI approach by replacing 
precipitation with effective precipitation as input data. The other input indicators into the CDI were 
soil moisture (SM) and streamflow (SF) which were transformed into Soil Moisture Index (SMI) and 
Streamflow Index (SFI) using the Normal Curve Equivalent (NCE) method, because the units of 
measurement of the indicators were in percentiles. The computation of the potential 
evapotranspiration and effective precipitation parameters and of the standardization process are 
detailed below under general methodological framework. 

Following the standardization of the input indicators, the independent variables coefficients or 
weightings i.e., (Wi) = W1, W2 and W3 were determined for the Niger River Basin on the average 
were W1 = 0.278, W2 = 0.322, W3 = 0.400 representing weight for the meteorological, agricultural, and 
hydrological drought indices respectively. Thereafter, drought category thresholds and weights for 
each individual index was assigned. Hence, the NBDM is a worksheet model, and mathematically 
expressed as 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁(𝐶𝐶𝐶𝐶𝐶𝐶)  =  𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 =  0.278𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 +  0.322𝑆𝑆𝑆𝑆𝑆𝑆 +  0.400𝑆𝑆𝑆𝑆𝑆𝑆   (5) 

The weight coefficients of each of the three input indicators or variables (SEPI, SMI, and SFI) in 
the Objective Blend of Burden of Drought Disaster Index (OBBDDI) was established using the 
concept of drought disaster burden (DDB) resulting from exposure of the society to different 
biophysical forms of drought events. The burden of drought disaster (BDD) or drought disaster 
burden (DDB) measures the weight of the impacts of the different types of droughts on the society 
based on drought disaster damage indicators or simply disaster damage indicators (DDI). The 
concept of BDD was adapted from the World Health Organization (WHO) concept of Disability-
Adjusted Life Years (DALYs) Measure of the Direct Impact of Natural Disasters. Thus, the weight of 
each input indicator components was empirically determined. This was achieved using the obtained 
community level drought vulnerability data. This was done with the view to establish the relative 
importance of each of the input drought indicators into the empirical model. 

2.4.5. Description of the General Methodological Framework of NBDM Development 

The general methodological framework for the development of the NBDM is described in Figure 
7. There are six (6) different modules, namely the (i) input data / Database Management module, (ii) 
the potential evapotranspiration (PET) computation module, (iii) the indicators standardization 
module, (iv) Dry Spell / Drought Triggers Module, and (v) Objective Blend of Burden of Drought 
Indices (OBBDI) Module and (vi) Integrated dry spell and Drought Detection Module. Provided 
below is a brief description of each module. 
i. The input data module: It comprises all the hydrometeorological monthly data used in the 

analysis, which includes precipitation, temperature soil moisture and streamflow. Hence, the 
database contains 60 stations with 4 different parameters as highlighted above. 

ii. The potential evapotranspiration (PET) computation module: It consists of two different 
approaches for computing the PET for the purpose of comparison of results. They are the 
Thornthwaite Method and Hargreaves and Samani method using Mean surface air 
temperature, maximum and minimum temperatures. 
Usually, the Thornthwaite Method uses air temperature as an index of the energy available for 

evapotranspiration, with the assumption that air temperature has a correlation with the integrated 
effects of net radiation and other controls of evapotranspiration, and the available energy being 
shared in fixed proportions between heating the atmosphere and evapotranspiration. The empirical 
equation relating the evapotranspiration to the air temperature is expressed below [80]. 

𝑃𝑃𝑃𝑃𝑃𝑃 = 16(𝑇𝑇/𝐼𝐼)𝑎𝑎(𝑁𝑁/12)(µ/30)           (6) 

𝐼𝐼 =  ∑ (0.2𝑇𝑇𝑎𝑎)1.51412
𝑛𝑛 = 1              (7) 
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𝑎𝑎 =  6.75 𝑥𝑥 10−7𝐼𝐼3  − 7.71 𝑥𝑥 10−5𝐼𝐼2  − 1.7912 𝑥𝑥 10−2𝐼𝐼 +  0.49239     (8) 

where PET is the monthly potential evapotranspiration, T is the monthly mean air temperature (°C), 
I is a heat index for the station imposed by the local normal climatic temperature regime and the 
exponent a is a function of I; µ is the number of days in the month under consideration, and N is the 
mean number of daylight hours in a particular month. The Thornthwaite method was selected in this 
study because it provides the best results on the regional level [81,82] and fewer data required. The 
major drawback of this method is that the computation of PET ceases as soon as temperature gets to 
below zero. This condition is not visible for a tropical hot type of climate in West Africa. 

 

Figure 7. Study General Methodological Framework. 
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With regards to the [83] equation, it is an empirical radiation-based method that is extensively 
used in the conditions of limited weather data, such as the study region. It has been found to also 
give better results relative to other methods [82]. It requires only maximum and minimum air 
temperatures and extra-terrestrial radiation (Ra) It is mathematically expressed as: 

𝑃𝑃𝑃𝑃𝑃𝑃 =  0.0135 𝑥𝑥 𝐾𝐾𝑅𝑅𝑠𝑠 𝑥𝑥 0.408𝑅𝑅𝑎𝑎  (𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚  +  17.8)(𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚  − 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚)0.5       (9) 

𝐾𝐾𝑅𝑅𝑠𝑠  =  0.00185(𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚  − 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚)2  − 0.0433(𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚  − 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚)  +  0.4023       (10) 

𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚  =  (𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚  +  𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚) / 2              (11) 

where, PET is the potential evapotranspiration(mm/month); 𝑅𝑅𝑎𝑎  is extraterrestrial radiation 
(mm/month) and the values of 𝑅𝑅𝑎𝑎   gotten from table depending on the latitude position of each 
station or location; 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is the monthly mean air temperature(◦C); 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 is the monthly maximum 
air temperature (◦C); 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚   is the monthly minimum air temperature (◦C); 𝐾𝐾𝑅𝑅𝑠𝑠  is the empirical 
radiation adjustment coefficient. With the computation of PET, all the precipitation data were 
converted to an “effective precipitation”. The Effective Precipitation (Ep) was computed using the 
combination of precipitation and PET. For comparison of results two approaches were considered in 
this study and built into the DREM, namely, the (i) Multivariable Regression Model method or (ii) 
the United States Department of Agriculture, Soil Conservation Service [84] method, which is 
applicable under irrigation condition or assumption. 
i. The drought indicators standardization module: It uses percentile method to transform all 

input data into a standardized scale. To achieve this, two options were considered, the 
Standardized Precipitation Index (SPI) model approach [4], if the indicator measurement was 
in international system unit (i.e., S.I unit), or the Normal Curve Equivalent (NCE) method, if 
the unit of measurement of the indicator was in percentile. The SPI model was selected because 
of its widespread acceptance and recognition as the standard index for the monitoring of 
drought events [85]. 
The mathematical expression for the SPI model used in this study is as stated below. 

𝑍𝑍 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑆𝑆𝑆𝑆𝑆𝑆 =  + �𝑡𝑡 − 𝑐𝑐0 +  𝑐𝑐1𝑡𝑡+ 𝑐𝑐2𝑡𝑡2

1+ 𝑑𝑑1𝑡𝑡+𝑑𝑑2𝑡𝑡2+𝑑𝑑3𝑡𝑡3
�  𝑓𝑓𝑓𝑓𝑓𝑓 0.5 < 𝐻𝐻(𝑥𝑥) < 1.0        (12) 

𝑍𝑍 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑆𝑆𝑆𝑆𝑆𝑆 =  −�𝑡𝑡 − 𝑐𝑐0 +  𝑐𝑐1𝑡𝑡+ 𝑐𝑐2𝑡𝑡2

1+ 𝑑𝑑1𝑡𝑡+𝑑𝑑2𝑡𝑡2+𝑑𝑑3𝑡𝑡3
�  𝑓𝑓𝑓𝑓𝑓𝑓 0 < 𝐻𝐻(𝑥𝑥) < 0.5         (13) 

where 

𝑡𝑡 = �𝑙𝑙𝑙𝑙 � 1
𝐻𝐻(𝑥𝑥)2

� 0 < 𝐻𝐻(𝑥𝑥) ≤ 0.5          (14) 

𝑡𝑡 = �𝑙𝑙𝑙𝑙 � 1
(1.0−𝐻𝐻(𝑥𝑥))2

�0.5 < 𝐻𝐻(𝑥𝑥) ≤ 1.0           (15) 

C0 = 2.515517, C1 = 0.802853, C2 =0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308. 

The mathematical expression of the NCE method used in this study is as shown below. 

𝑍𝑍 = 𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑆𝑆𝑆𝑆𝑆𝑆 = (𝑁𝑁𝑁𝑁𝑁𝑁−50)
21.063

             (16) 

where z is z-score, NCE is the normal curve equivalent value in percentile. 
ii. The dry spell and Drought conditions triggers module: It comprises the various drought 

definition or drought initiation (onset) thresholds for each of the respective indices considered 
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in this study, namely, SPI, SEPI, SMI, SFI and CDI. It also consists of the threshold(s) for the 
phase change or transition from dry spell to actual drought phase. 

iii. Objective Blend of Burden of Drought Indices (OBBDI) Module: It determines first the relative 
weight of the impacts of each type of droughts (i.e., meteorological, agricultural and 
hydrological droughts) on the society based on available drought disaster damage indicators, 
then, thereafter, established the OBBDDI hinged on the concept of drought disaster burden 
(DDB) resulting from exposure of the society to different biophysical forms of drought events. 

iv. The last module is the integrated dry spell and drought detection module: It identifies and 
categorizes the severity of the detected drought events using the established thresholds. 

2.4.6. Determination of Percentile-based Drought Threshold 

To determine operational objective drought thresholds for defining and measuring drought 
episodes in the Niger Basin, a baseline assessment analysis (BAA)” of the region’s precipitation 
behavior when known historical drought-induced famine with serious impact on the society occurred 
was carried out by determining the percentiles of the precipitation anomalies. To achieve this, the 
precipitation behavior during the well-known 1980s drought induced-famine was examined. All the 
precipitation records were first rendered as percentiles with respect to the selected study period 1980–
2016 using the “Percentile Rank (PR)” method. Normally, the PR method returns the rank of a value 
in a data set as a percentage of the data set. Thus, within a dataset, this function can be used to 
evaluate the relative standing of a value in a time series 7. https://support.microsoft.com/en-
us/office/percentrank-function-f1b5836c-9619-4847-9fc9-080ec9024442-accessed-8-12-2022). The 
analyses were carried out using Excel for Microsoft 365. 

Based on the annual averages, the precipitation deficits percentile for each year was determined 
to identify the drought months and years and their percentile values. This is with the view to ascertain 
the relative standing of the 1980s rainfall values at different locations recorded in the drought 
chronology of the region that caused famine during the period. The Microsoft Excel PR method 
adopted in this study is defined as the number of values in the dataset (y) smaller than x divided by 
the sum of the number of values in a dataset (y) smaller than x and the number of values in a dataset 
(z) larger than x. The PR approach is mathematically expressed as below. 

𝑃𝑃𝑃𝑃(𝑋𝑋) = (𝑌𝑌)
(𝑌𝑌+𝑍𝑍)

 𝑥𝑥 100               (17)  

where x is the value for which you want to know the rank, Y is the number of values in the variable 
dataset smaller than x, and Z is the number of values in the variable dataset larger than x. 

The PR approach has been preferred in this study because of its simplicity, and it has been 
successfully applied in US Drought Monitor (USDM), which is the first composite drought index that 
is widely known to have successful application and has become, at least in North American continent 
the golden standard in multivariate drought analysis. Also, the 1980s period were chosen to bring 
the major drought-induced famine events after the 1970s drought and the recovery years from 1990s 
into historic context. Moreover, the drought events of 1980s eclipsed that of 1970s as the worst 
drought ever recorded in history of the region, resulting in the region witnessing the worst rainfall 
deficit since instrumental records began [86]. Therefore, in this study, “an objective threshold(s) for 
defining the onset of a moderate drought is being established as the corresponding index values of 
the CDI associated with the established precipitation deficits percentiles during the 1980s when 
drought induced famine occurred in the region for each of the month and for the annual average”. 
The CDI-based threshold for defining drought has been computed by determining the CDI values 
corresponding to the already established percentiles for drought occurrence in the study region and 
its various severity categories accordingly. The thresholds were established for both monthly and 
annual average timescales. Subsequently, based on runs theory concept, the CDI values less than the 
computed index thresholds were identified as drought and their severity categorized accordingly. 
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2.4.7. Operational Application of the Established Drought Definition Thresholds 

To apply the obtained CDI thresholds to define or detect and characterize drought conditions 
the principle of runs theory proposed by [87] and recommended by [88] was followed using the 
threshold method of drought definition. Figure 8 is an illustration of the application of runs theory. 
According to [87], a run is defined as a sequence of consecutive values of a variable below a given or 
define thresholds that are preceded and followed by at least one value of the variable. Below is the 
procedure to charactrize drought events using threshold approach. 

Precipitation Deficit(dt) which could also be expressed in normalized form was obtained as a 
difference of precipitation record (Pt) from the expected threshold (Te). The logic and rationale behind 
the application of Runs theory in drought detection is mathematically expressed below. 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 (𝑑𝑑𝑡𝑡) =  𝑃𝑃𝑡𝑡 − 𝑇𝑇𝑒𝑒  ,  𝑑𝑑𝑡𝑡 =  𝐶𝐶𝐶𝐶𝐶𝐶 < 0            (18) 

 
Figure 8. Illustration of the Application of Runs Theory (Adapted from Dracup and Paulson, 1980). 

In this study, we argued that agricultural and water resources activities within a region are 
usually adapted to a norm that can be approximated by long-term averages of precipitation. As a 
result, defining Xo as the mean or median of the time series (X) from Figure 8, usually results in about 
50% of the time periods being “droughts”. By implication, one is analyzing dryness or dry periods 
rather than drought. But all dryness is not drought, some could be dry spells. In this study, therefore, 
the term “drought” is restricted to the more extended and severe dry periods [89]. Thus, underscoring 
why long-term averages cannot be suitable truncation level for drought definition. In this study, 
therefore, 

Expected threshold (Te) = Long-term Average          (19) 
For the impact of the dt to be felt in a region, the precipitation deficit must have cumulative 

effect, which can be estimated using mathematical expression below. 
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 (𝐷𝐷𝑖𝑖) =  ∑𝐶𝐶𝐶𝐶𝐶𝐶 < 0  (20) 

Drought initiation occurs when the cumulative deficit is less than the critical Threshold (Tc), i.e., 
the objective drought thresholds being determined in this study. Thus, the Tc becomes the ideal 
truncation level (threshold) for defining drought occurrence. 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ𝑡𝑡 =  𝐷𝐷𝑖𝑖 − 𝑇𝑇𝑐𝑐               (21) 

Thus, once 𝑇𝑇𝑐𝑐 is determined, each period for which X < 𝑇𝑇𝑐𝑐 constitutes a “drought” and each 
“drought” is characterized by 

(a) Duration (D) is defined as length of period for which X < 𝑇𝑇𝑐𝑐 
(b) Severity (S) is defined as cumulative deviation from 𝑇𝑇𝑐𝑐 and 
(c) Intensity (or magnitude) (I) is defined as S / D. 
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2.4.8. NBDM As Visual Basic Application-Driven Drought Early Warning System (DEWS) 

To seamlessly operate NBDM represented as DREM, a hybrid drought monitoring and earning 
system tool, Microsoft Excel Visual Basic Application (VBA) program was used to execute and 
connect all the various modules that are in involved in the computational tasks. The VBA 
programming language was selected because in the DREM application for the computation the CDI, 
it required several macros writing to handle different aspect of the application tasks [90]. Usually, the 
rule is when developing an excel based application that will span several worksheets, it is advisable 
to use macro to handle several procedures rather than writing formulars in the excel cells. Normally, 
when a new value is entered into a worksheet cell, Excel will recalculate all the cells that refer to it. If 
the macro is writing values into the worksheet, VBA will need to wait until the worksheet is done 
with recalculating each entry before it can resume. Hence, it is advisable using VBA when one needs 
to accomplish tedious tasks such as involved in this study [91]. With VBA therefore, even if the CDI 
database grows bigger and heavier it will still run fast since there are no excel formulas written inside 
cells. Microsoft also adds in a lot of code at the background for VB projects to make them easier for 
any coder. 

2.4.9. Evaluation of Performance of NBDM Outputs 

The NBDM performance was evaluated against SEPI, SMI, SFI and Normalized Difference 
Vegetation Index (NDVI). The performance evaluations were based on exploratory data analysis and 
use of some statistical tools, which include Mean Absolute Error (MAE), Coefficient of Determination 
(R2), Nash Sutcliff Efficiency (NSE), and Bias Percent (PBias) and Index of Agreement (d). 

3. Results and Discussion 

3.1. Model Development Outputs 

Niger Basin Drought Monitor represented as Drought Resilience Empirical Model (DREM) has 
been developed as a hybrid composite drought index (CDI) for defining and concurrent monitoring 
of the different aspects and biophysical forms of drought and the characterization of historical 
droughts. The DREM’s Login interface, Menu interface, output format and typical CDIs generated 
results using DREM are all displayed in Figures 9–11 respectively. The Login user interface is for 
inputting the user’s ID to ensure that user’s information and work done is secure. The menu interface 
shows the various functionalities and computations that could done using DREM including the 
display of number of stations in the database and date a particular task was carried out. Hence, it is 
an interface where the user can select any task to be executed by DREM. The format of the CDI output 
from DREM is shown in Figure 11, and drought occurrence is detected on monthly basis and the 
category of the severity of drought identified shown using colored codes; whether it’s moderate 
(MOD DRGT), severe (SEV DRGT), extreme (EXTR DRGT), or exceptional (EXCPT DRGT) drought. 
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Figure 9. The Login Interface of DREM. 

 

Figure 10. The Menu Interface of DREM. 

 

Figure 11. Typical of Drought Detection and Severity Categorization by DREM for Abuja station. 

3.2. Thresholds and Detection of Drought Onset and Cessation 

To identify the occurrence of drought events in the study region, CDI thresholds were computed 
using the DREM which were in the range -0.26 to -1.19, -0.42 to -1.60, -0.58 to -1.76 and -0.73 to -1.96. 
The index-based thresholds were computed corresponding to the established precipitation deficit 
percentiles defining drought occurrence at each location in the study region, that is, 20th, 10th, 5th, 
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and 2nd percentiles representing Moderate(D1), Severe(D2), Extreme (D3) and Exceptional (D4) 
drought respectively; which are also distinguished by color codes. Thus, to concurrently monitor the 
different aspects of drought, namely, meteorological, agricultural, and hydrological drought in 
different socio-economic sectors of the Niger Basin, DREM defines and identifies the onset of drought 
of moderate intensity when the CDI values fall below the thresholds range of -0.26 to -1.19 over a 
period of three consecutive months depending on the location. However, when it comes to knowing 
drought cessation over an area, DREM computed CDI values were in the range of thresholds of -0.08 
to -0.82 depending on the location corresponding to precipitation deficits of 30 percentile 
representing an abnormally dry condition(D0), that is, not yet drought. Normally, D0 is a “heads-up” 
stage, which is simply saying two things. First, it says “pay attention, because if it stays dry, the region 
or area could slide into a real drought represented as D1, D2, D3 or D4 depending on the severity. 
Second, it can also mean the area is just coming out of a drought but the soil and water supply haven’t 
fully recovered yet. Possible physical signs could be grass turning brown early, small streams low, 
early stress on crops, and need for more watering. 

Furthermore, for easy identification of drought threshold at any location within the basin, for 
moderate drought severity level, the spatial distribution of the moderate drought level threshold (D1) 
was computed and is depicted in Figure 12. It defines the 20th, percentile precipitation deficits 
relative to the climatology of the basin. This is with view that being able to recognize emerging 
drought, or knowing whether drought is over, entails understanding what is normal for a given 
location or season (https://droughtmonitor.unl.edu/data/docs/USDM_brochure.pdf). The 
corresponding index-based thresholds for initiation or onset of drought of moderate severity in 
different locations of the Niger basin are for example Bamako (-0.71) Koulikoro (-0.90), Dire (-0.74), 
Gao (-0.90), Dori (-0.84), Ouagadougou (-0.96), Niamey (-0.98), Tahoua (-0.79), Malaville (-1.04), Kandi 
(-1.02), Abuja (-0.64), Makurdi (-0.69), Numan (-0.59) and Yola (-0.70). Thus, there is variations in the 
drought thresholds even within the same sub-basin and country; thereby, affirming the fact that 
drought definition thresholds are always location specific as asserted by [28]. Additionally, it is 
observed in the figure that even the same amount of rainfall does not translate to moderate, severe, 
extreme or exceptional drought events in different parts of the basin at the same time. This 
corroborates well with the equiprobability transformation of rainfall distribution in the basin. Further 
result revealed that relative to the climatology of the basin, areas with wetter climate, require lower 
drought index threshold values or higher precipitation deficits values to initiate onset of drought, 
while areas known for drier climate regime require higher drought index thresholds or lesser 
precipitation deficits values to define drought events in those regions. 
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Figure 12. Distribution of CDI based Threshold for the Detection of Moderate Drought relative to the basin’s 
climatology. 

3.3. Equiprobability Transformation Analysis for Drought Detection 

The NBDM-CDI result was further substantiated through an SPI equiprobability transformation 
analysis of rainfall distribution in the Niger. As evidenced in the conceptual graph in Figure 13, the 
same amount of August monthly precipitation of 200mm for example, produced different index 
values and cumulative probabilities in different parts of the basin (i.e., Upper Niger, Inland Delta, 
Middle Niger, and Lower sub-basins). 
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Figure 13. Equiprobability transformation of reanalysis rainfall distribution in the Niger basin. 

These SPI values and the cumulative probabilities obtained for each of the sub-basins are -0.765, 
2.37, 0.435, −0.421 and 0.224, 0.960, 0.670 0.315 respectively. By implication, drought episodes in 
different locations of the basin are comparable in space and time, which agrees very well with the 
findings over United States by [92]. It, therefore, demonstrates one of the strengths of application of 
SPI metrics in drought management analysis. The consequence of the result, is that farmers in 
different parts of the basin will experience differently the effects of the same amount of rainfall. Thus, 
the use of varying drought thresholds remains critical for objective drought identification and 
planning in the Niger River Basin. 
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3.4. Spatial Characteristics of the Major Droughts of 1980s in the Niger Basin 

The result of the capability of NBDM to reproduce the occurrence of the well-known drought 
induced famine in the Niger Basin revealed through spatial analysis that during the 1980s period, a 
large portion of the Middle Niger and Inland Delta Sub-basins were under extreme to exceptional 
drought conditions, while most other parts of the Upper Niger and Lower Sub-basins within the rain 
forest climatic zones were under moderate drought conditions as shown in Figure 14. Additionally, 
relative to the univariate or single indicator subjective drought threshold proposed by [26] and the 
objective SPI-based thresholds established in this study, the NBDM-CDI based drought thresholds 
are higher values and would require lesser cumulative precipitation deficits to be attained as shown 
in Table 2. So, on the average, across the whole basin, the NBDM-CDI based thresholds are higher 
(requiring smaller precipitation deficits) than single variable SPI-based ones; because the NBDM-CDI 
are designed based on multi-indicator approach. It incorporates soil moisture and streamflow as 
inputs. As a result, CDI flags drought with less rainfall deficit than SPI alone. Additionally, the 
NBDM-CDI allows for a holistic view of drought conditions [93]. This makes it particularly useful for 
decision-making, as it captures not only meteorological deficits but also hydrological and agricultural 
impacts. 
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Figure 14. CDI based Drought Severity Distribution over the Niger Basin (1980s). 

3.5. Effectiveness in Early Detection and Cessation of Drought 

The CDI threshold values are the bolded figures highlighted in the Table 2. With CDI-based 
thresholds established in this study, research findings reveal that impending drought events or 
outbreak of drought would be detected earlier, faster and more accurately, than the SPI-based 
objective thresholds and also much earlier than the SPI-based subjective thresholds from the 
literature developed by [27] that will require more precipitation deficits. The same holds for the 
cessation of drought in the region. The study findings are in consonant with the results of [94] over 
India the CDI was found to provide a more accurate reflection of crop stress than SPI alone. 
According to the authors, the Indian Meteorological Department tested the CDI by integrating 
rainfall, soil moisture, and vegetation indices to improve monitoring of agricultural droughts in states 
such as Maharashtra. Similarly, over China [95] developed a CDI by integrating soil moisture and 
evapotranspiration data for northern China. The CDI captured agricultural drought impacts better 
than SPI, especially during high-temperature summers. In the Sahelian region of West Africa, SPI 
sometimes identifies drought even when irrigated agriculture maintains stable crop yields, 
highlighting its limitations [96]. Likewise, [28] in their study over Europe posited that SPI may 
indicate drought even when impacts are mitigated by irrigation or groundwater; something 
composite indices such as the USDM would account for 

Table 2. Comparison Between the Subjective and Objective Drought Definition Thresholds (SPI and CDI). 

Category 
Subjective 
Threshold 

Objective 
Indices 

Upper Niger          
( Koulikoro) 

Inland Delta          
( Dire) 

Middle Niger          
(Niamey) 

Lower Niger            
( Lokoja) 

Mild Drought/ 
Abn Dry  

0 to -0.99 
SPI (-0.49 to -0.78) (-0.39 to -0.83) (-0.59 to -0.74) (-0.45 to -0.84) 
CDI (-0.43 to -0.81) (-0.48 to -0.81) (-0.08 to -0.82) (-0.32 to -0.69) 

Moderate 
Drought 

(-1.0 to -1.49) 
SPI (-0.79 to -1.32) (-0.84 to -1.34) (-0.75 to -1.34) (-0.85 to −1.25) 
CDI (-0.64 to -1.11) (-0.72 to -1.08) (-0.26 to -1.19) (-0.56 to −0.99) 

Severe Drought (-1.50 to-1.99) 
SPI (-1.33 to −1.76) (-1.35 to -1.50 (-1.35 to −1.71) (-1.26 to -1.49) 
CDI (-0.91 to -1.39 (-0.99 to -1.45) (-0.42 to −1.60) (-0.94 to -1.72) 

Extreme 
Drought 

< -2.0 
SPI (-177 to −1.81) (-1.51 to -1.63) (-1.72 to −1.86) (-1.50 to −1.77) 
CDI (-1.09 to -1.58) (-1.14 to -1.69) (-0.58 to −1.76) (-1.52 to −1.67) 

Exceptional 
Drought 

  
SPI         
CDI (- 1.32 to -1.79) (-1.28 to -1.85) (-0.73 to −1.87) (-1.12 to -1.96) 

However, in the United States, scientific studies consistently show that SPI is more effective in 
detecting drought onset, especially short-term agricultural and meteorological droughts [97]. Its 
simplicity and sensitivity to rainfall deficits allow it to signal early warnings before broader impacts 
manifest. On the contrary, SPI struggles with drought cessation detection, as recovery in precipitation 
does not always align with soil moisture or hydrological recovery. Also, in 2017 for example, parts of 
the Northern Plains of United States experienced a flash drought. But SPI alone failed to detect the 
early onset, because rainfall deficits were minor, but USDM captured rapid soil moisture depletion, 
proving more effective for early warning [98]. Aside, the USDM, was also found to be more effective 
in monitoring drought persistence and cessation, as it integrates soil moisture, streamflow, and other 
factors that reflect recovery more accurately [40,98]. According to [99] USDM provides a more 
accurate picture of drought recovery, since it considers lagging indicators like groundwater and 
vegetation health; whereas SPI may signal recovery as soon as rainfall resumes, but this can be 
misleading if soil moisture or hydrology remain stressed. For example, in California’s 2012–2016 
drought, SPI signaled recovery earlier than reality, while USDM correctly indicated ongoing 
hydrological stress [100]. Generally, SPI is more effective for rapid, rainfall-driven drought onset 
detection, especially in data-sparse regions such as West Africa; because it detects rainfall anomalies 
quickly, thereby, making it effective for meteorological drought onset [26]. However, CDI is more 
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accurate for drought persistence and cessation monitoring, particularly in agricultural systems and 
regions where evapotranspiration plays a major role; such as West African region; because, it detects 
drought onset more reliably than SPI, when temperature and evapotranspiration drive soil moisture 
stress, even without rainfall deficits [9897]. 

3.6. NBDM-CDI Performance Evaluation 

The NBDM CDI-based time series performance was evaluated on sub-basin-wise, based on the 
ability of the CDI to reproduce the meteorological, agricultural, and hydrological drought conditions 
represented by SEPI 6-month timescale, soil moisture index (SMI) and streamflow index (SFI) 
respectively. Result of the exploratory data analysis obtained based on the Coefficient of 
Determination(R2) for example showed that CDI can explain about 70%, 84% and 92% of variances in 
SEPI 6-month, SMI and SFI respectively over the Upper Niger Sub-basin as shown in Table 3. 

Table 3. DREM CDI Model Performance Evaluation. 

Sub- Basin Index Models R2 NSE PBIAS MAE d 

Upper Niger 
SEPI 0.701 0.776 -0.374 0.322 0.906 
SMI 0.842 0.946 0.169 0.239 0.953 
SFI 0.922 0.977 0.071 0.149 0.978 

Inland Delta 
SEPI 0.477 -0.146 -2.200 0.546 0.800 
SMI 0.655 0.721 0.516 0.846 0.844 
SFI 0.683 0.928 -0.070 0.165 0.898 

Middle Niger 
SEPI 0.501 -0.377 -1.601 0.681 0.816 
SMI 0.744 0.889 0.278 0.418 0.914 
SFI 0.79 0.935 0.234 0.332 0.932 

Lower Niger 
SEPI 0.501 0.864 -0.305 0.235 0.839 
SMI 0.698 0.906 0.286 0.380 0.890 
SFI 0.736 0.899 0.302 0.412 0.910 

Further results based on other statistical evaluation analysis showed strong agreement between 
DREM-CDI values and SEPI, SMI and SFI representing meteorological, agricultural, and hydrological 
drought indicators respectively. Especially, stronger agreement exists with soil moisture (SMI) and 
streamflow (SFI) over the Upper Niger, Middle Niger, and Lower Niger sub-basins, where the Nash 
Sutcliff Efficiency (NSE) values were 0.946 and 0.922, 0.889 and 0.935, 0.864 and 0.906 respectively; 
and Index of Agreement (d) values were 0.953 and 0.978, 0.914 and 0.932, 0.890 and 0.910 respectively. 
Thereby making DREM a suitable Niger Basin Drought Monitor an effective early warning tool 
decision-makers and stakeholders can trust and rely upon for effective management of drought in 
the basin. Other results of the statistical tools used, namely, Mean Absolute Error (MAE), and Bias 
Percent (PBias) are shown in Table 3. 

The DREM CDI tool has therefore, proven to have the capability to simultaneously track 
meteorological drought (if measured using SEPI), agricultural drought (if measure using SMI) and 
hydrological drought (if measured using SFI) at a minimal error. Thus, it can serve as an All-purpose 
useful tool for concurrent monitoring and early warnings of impending different aspects of drought 
hazards in the Niger Basin. 

3.7. Calibration / Validation of Performance of NBDM CDI 

To ascertain the suitability of the NBDM represented as Drought Resilience Empirical Model 
(DREM) as a decision-support tool, the Composite Drought Index (CDI) was validated country-wise 
against historical drought records from the EM-DAT/UN-FAO chronology database and ENSO-
related drought years from the International Research Institute (IRI) for the nine Niger Basin 
countries (1980–2016). Drought years were identified or defined when CDI values fell at or below 
established objective thresholds. Validation measured agreement between CDI-defined droughts and 
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historical events, expressed as hit/success rates. Results displayed in Table 4 showed 67–100% success 
with historical drought events captured by NBDM CDI and 62–77% with ENSO-related droughts 
captured by NBDM CDI. The strong performance of NBDM CDI and its ability to further distinguish 
dry spells from genuine droughts suggest it is more practical and objective than indices using 
subjective thresholds to define drought events, making it highly suitable for drought alert triggers, 
decision-making, and early warning in the Niger Basin. 

Table 4. Country-wise NBDM CDI Performance Validation. 

Country 
                                Drought Chronology Success             ENSO Success  
                                        Rate (%)                           Rate (%)                                                  
Cameroun                                100                                69 
 
Chad                                     89                                 62 
 
Nigeria                                   85                                 69 
 
Niger                                     75                                 62 
 
Benin                                     100                                62 
 
Burkina Faso                              100                                62 
 
Cote d’Ivoire                               100                               62 
 
Guinea                                      67                                77 
 
Mali                                        100                                62 

Further, the NBDM CDI time series was validated sub-basin-wise against the Standardized 
NDVI (SNDVI). Correlations ranged from –0.231 to 0.522, with negative values over Niamey, a semi-
arid region influenced by microclimatic changes due to the Kandaji Dam. Since CDI is temperature-
related and NDVI is sensitive to air temperature, especially during summer or warm months of the 
year (April–October), then, negative correlations are expected [101,102]. High temperatures increase 
evapotranspiration, reducing soil moisture and vegetation vigor, which in turn lowers NDVI 
[103,104]. This confirms the close relationship between soil moisture and vegetation health in arid 
and semi-arid areas [101]. 

In terms of potential limitations, the NBDM-CDI requires multiple reliable datasets, such as soil 
moisture and streamflow datasets that are often lacking in developing regions such as West Africa. 
In constructing the NBDM OBDDDI, I have to rely on reanalysis datasets. Also, it is region-specific, 
with weights assigned to the input components based on local conditions and data availability. So, 
the weighting of components can vary, leading to inconsistent results across studies; especially, if the 
region outside its region of development is more vulnerability to agricultural drought than 
hydrological drought. Additionally, in terms of calibration and validation, both historical drought 
event comparison and remote sensing validation approaches were used which may potentially have 
some limitations. For instance, the approaches are dependent on quality of historical drought records, 
which may be incomplete or subjective and the NDVI Satellite data, which may be influenced by non-
drought factors (e.g., pests, land-use changes) respectively. Moreover, while composite indices can 
capture drought complexly, they can also mask individual drought signals unlike the single-variable-
based indices. 
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3.7. Comparison Between USDM and NBDM 

In comparison to the USDM OBDI, the NBDM OBDDBI is computed at a station-level scale 
(finite resolution) with minimal complexity and subjectivity. Its construction combines subjective 
community-level vulnerability datasets (e.g., income, migration, dependence on rainfed agriculture, 
yield losses) used mainly for weighting indicators, with a smaller set of objective 
hydrometeorological indicators such as precipitation, soil moisture, and streamflow. This makes it 
applicable in regions highly vulnerable to hydrological and agricultural drought. The NBDM 
OBDDBI is scalable and replicable just like SPI, as it can be applied at local or station, regional, or 
global scales with consistent methodology, though further verification is needed. 

By contrast, the USDM is more flexible, in the sense that any number of inputs can be used, 
integrating 40–50 inputs that include objective hydrometeorological datasets and subjective sources 
such as expert judgment, farmer/community impact reports, citizen science observations, and local 
agency input. This wide input base, makes USDM highly robust and adaptable to diverse user needs 
but also more complex and subjective [105]. In terms of temporal scale, the USDM is issued weekly 
but can be adapted for monthly use. However, when fewer inputs are available, its robustness 
weakens, though it remains functional. Spatially, USDM OBDI values are computed at a climate-
division level (coarser resolution), aimed at consistently assessing drought severity across multiple 
timescales [106]. 

Although data constraints in the study region are acknowledged, however, in terms of future 
research, there may be need to consider the following areas. These may include, for example, 
validating NBDM CDI with ground observations or extending the study period to more recent years) 
to strengthen the study outcome and conclusions. Another area for further research consideration is 
in verification and validation of the scalability of the NBDM OBDDBI. 

4. Conclusions 

In this study, the problem of confusions caused by the plurality of single variable drought 
indices and lack of effective institutional capacity, comprehensive, integrated information, and early 
warning systems to respond and adapt to extreme climatic variability like drought over the Niger 
River Basin, West Africa was addressed. The key findings, conclusions, and recommendations of this 
study are the following: 

i. The Niger Basin Drought Monitor (NBDM) has been developed to effectively integrates three 
hydrometeorological indicators, precipitation, soil moisture, and streamflow to provide a 
single ‘average’ drought designation at station level with the intent to have a composite 
drought index (CDI) that captures local drought conditions. 

ii. The percentile rank approach was used to transform first all input datasets into a standardized 
scale to which drought category thresholds and weights for each individual index was 
assigned. The CDI-based thresholds of range −0.26 to −1.19 for defining drought of moderate 
intensities were established and found to be consistently higher than the single variable SPI-
based ones, implying earlier detection of any impending drought for a given rainfall deficit. 

iii. In terms of evaluation of the NBDM-CDI, high Nash Sutcliff Efficiency and index of agreement 
values show NBDM-CDI tracks soil moisture and streamflow drought well. 

iv. The model validation showed 67–100% success with historical drought events captured by 
NBDM-CDI and 62–77% with ENSO-related droughts captured by NBDM-CDI. Also, NBDM-
CDI time series were further validated sub-basin-wise against the Standardized NDVI 
(SNDVI), the result further confirms the close relationship between soil moisture and 
vegetation health in arid and semi-arid areas. 

v. The NBDM offers a robust all-in-one drought early-warning tool for the basin region and 
therefore, being recommended for use as drought alert triggers in decision-making, and early 
warning in the Niger Basin. 
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