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ABSTRACT
This manuscript aims to develop a new multivariate composite
index for monitoring agricultural drought. To achieve this, the
AVHRR, VIIRS, CHIRPS data series over a period of 40 years, rainfall
and crop yield data as references were used. Variables include
parameters for vegetative stress (SVCI, PV, SMN), water stress (PCI,
RDI, NRDI), and heat stress (SMT, TCI, STCI), and a new variable
related to environmental conditions was calculated through a
normalized rainfall efficiency index. Then, random forest algorithm
was used to determine the weights of each component of the
model by considering interannual fluctuations in cereal yields as
an impact variable. The multivariate composite model was com-
pared to the VHI, NVSWI and SPI-12 indices for validation. The
results show a large spatiotemporal concordance between the
MDCI and the validation indices with a maximum correlation of
0.95 with the VHI and a highly significant p value (< 2.2e-16).
Validation of the MDCI model by SPI-12 shows a significantly
higher statistically significant relationship than that observed
between SPI and VHI and NVSWI. P value range from 3.531e-05 to
6.137e-06 with correlations that vary between 0.6 and 0.64
depending on the station. It is also highly correlated with the
Palmer drought severity index (PDSI) and climatic water deficit
index (CWDI), with R¼ 0.85 and p value < 5.8e-10 and R¼ 0.72
and p value < 1.9e-6, respectively. Finally, the study provides a
new direction for multivariate modeling of agricultural drought
that should be further explored under various agroclimatic
conditions.
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Abbreviations: CDI: Composite Drought Index; CDMI: Composite
Drought Monitoring Index; VIIRS: Visible Infrared Imaging
Radiometer Suite; AVHRR: Advanced Very High-Resolution
Radiometer; LST: Land Surface Temperature; CHIRPS: Climate
Hazards Group InfraRed Precipitation with Station data; VCI:
Vegetation Condition Index; TCI: Temperature Condition Index;
NDVI: Normalized Difference Vegetation Index; MDI: Multivariate
Drought Index; SMDI: Soil Moisture Deficit Index; PCA: Principal
Component Analysis; JDI: Joint Drought Index; SSI: Standardized
Streamflow Index; CCDI: Customized Composite Drought Index;
CADI: Comprehensive Agricultural Drought Index; NOAA: National
Oceanic and Atmospheric Administration; PDSI: Palmer Drought
Severity Index; ADRI: Multivariate Drought Response Index;
MODIS: Moderate Resolution Imaging Spectroradiometer; EMDI:
Effective Weather Drought Index; RF: Random Forest; SPEI:
Standardized Precipitation Drought Evapotranspiration Index; SPI:
Standardized Precipitation Index; VHI: Vegetation Health Index;
VSWI: Vegetation Supply Water Index; CDI: Composite Drought
Index; VPID: Vector Drought Projection Index; ETDI:
Evapotranspiration Deficit Index; SSMI: Standardized Soil Moisture
Index; GLDAS: Data Assimilation System; ADCI: Agricultural Dry
Condition Index; WSIS: Soil Water Saturation Index; IDI:
Agricultural Drought Index; ML: Machine Learning; ITCZ:
Intertropical Convergence Zone; SMT: Smoothed Brightness
Temperature; SMN: Smoothed Normalized Difference Vegetation
Index; FEWSNET: Famine Early Warning Systems Network; USAID:
US Agency for International Development; RUE: Rain Use
Efficiency; NRUE: Normalised Rain Use Efficiency; IDP: Precipitation
Deficit Index; NRDI: Normalized Rainfall Deficit Index; PCI:
Precipitation Concentration Index; PV: Proportion of Vegetation;
SVCI: Vegetation Condition Index; STCI: Scaled Temperature
Conditions Index; MDCI: Multivariate Dought Composite Index

1. Introduction

Agricultural drought is a recurrent intraseasonal phenomenon in several regions of
the world (Sharara et al. 2022). It is a natural feature of the climate that can occur in
any climate regime (Svoboda and Fuchs 2016). Unlike other types of droughts, agri-
cultural drought is characterized by a lack of sufficient moisture in the surface layers
of the soil to support crop and forage growth (Gao et al. 2021; Das et al. 2021). In
addition to the precipitation deficit, the soil moisture deficit that can affect agricul-
tural productivity is often associated with a poor spatiotemporal distribution of sea-
sonal precipitation and the simultaneous occurrence of heat waves. The concept of
agricultural drought has its origins in these multifactor interrelationships that do not
depend solely on the deficit of rainfall. Thus, the monitoring and evaluation of agri-
cultural drought is more demanding in terms of variables and processes than
meteorological or hydrological drought.

Traditionally, drought monitoring is based on climate data provided by a network
of weather stations (Klein 2009; Nam et al. 2018). Indices of precipitation standar-
dized or by a combination of climatological and hydroclimatic data such as the
Palmer Drought Severity Index are the most widely used. In most countries, weather
station networks are sometimes poorly or unrepresentative of the spatial diversity of

2 I. HANADÉ HOUMMA ET AL.



agricultural and climatic landscapes (Li and Heap 2014; Hazaymeh and Hassan 2016;
Nam et al. 2018); therefore, local variability related to topography or latitude is rarely
considered (Lebourgeois and Piedallu 2005). The other disadvantage of this approach
is that some indices used are only relevant when calculated on long data series of at
least 30 years (Szczypta 2012). For example, hydroclimatic indices such as SPI, PDSI,
and SPEI have been widely used to assess drought conditions (Palmer 1965; Liu et al.
2018; Tian et al. 2018; Al Shoumik et al. 2023). However, they are often calculated on
a large spatial scale, which does not allow for effective monitoring of drought condi-
tions at the agricultural plot level, and their accuracy is mixed when calculated on
incomplete or inaccurate datasets. In addition, they are sometimes calculated at
monthly or seasonal time scales, which does not allow for the monitoring of rapid
changes in crop water stress conditions and makes it difficult to assess short-term
agricultural drought (Liu et al. 2016). To overcome these limitations, univariate bio-
physical indices, such as the temperature condition index (TCI), precipitation condi-
tion index (PCI), soil moisture condition index (SMCI), and vegetation condition
index (VCI), as well as bivariate indices, such as the vegetation health index (VHI)
and normalized vegetation supply water index (NVSWI), have been introduced in the
scientific literature since the work of Kogan (1995). They have been successfully used
for various applications to assess the impacts of weather on vegetation and soils
(Zhuo et al. 2016; Gidey et al. 2018; Teweldebirhan et al. 2019; Kukunuri et al. 2022).
However, while these indices are valuable tools for assessing drought conditions,
changes in agricultural and land use practices can significantly affect their compar-
ability across different time periods and geographic regions. This means that no sin-
gle simple index taken individually can satisfy all aspects of agricultural drought
(Tian et al. 2018; Wu et al. 2023; Nugraha et al. 2023). For this reason, multivariate
composite models that include other environmental characteristics specific to each
geographic condition may be better suited to describe the drought state conditions of
an agrosystem.

Indeed, according to the number of variables considered in the formulation of
drought indices, three main families can be distinguished: monovariate indices,
bivariate indices, and composite indices. Monovariate indices are the simplest to
implement because they require a single biophysical or hydroclimatic variable.
However, this characteristic makes them more sensitive to the influence of sometimes
nonclimatic factors that can affect their ability to reproduce drought conditions prop-
erly. Much of it has been developed under specific geographical conditions (Gao
et al. 2021; Alahacoon and Edirisinghe 2022); therefore, its performance in other geo-
graphical regions has been shown to be limited (Shamshirband et al. 2020; Hanad�e
et al. 2022a). Indeed, the use of certain monovarietal indices by remote sensing, such
as the VCI and the TCI, presents some biases. On the one hand, they do not take
into account climatic variables such as variation in precipitation, which is one of the
factors influencing drought in semiarid areas (Du et al. 2013), and on the other hand,
negative anomalies in the vegetation condition expressed in the NDVI data record
can be related to many types of stress (e.g. excessive humidity, heat stress, pest infest-
ation, change in agricultural practices such as irrigation or not.) on plants in addition
to drought (Nam et al. 2018). To minimize these sources of imprecision, several
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previous studies have suggested that the combination of several biophysical variables
tends to improve the concordance between climate and remote sensing indices (Cao
et al. 2019; Han et al. 2021; Hanad�e et al. 2022). Therefore, reliable monitoring of
agricultural drought would require the integration of multiple climatic, hydroclimatic,
and biophysical covariables and/or indices from different sources to monitor several
aspects of drought. It is in this sense that we are increasingly witnessing the emer-
gence of new approaches combining both data from different sources, particularly
those of remote sensing, and the use of advanced matrix intelligence algorithms in
multivariate drought modeling (Bayissa et al. 2019; Ghazaryan et al. 2020; Jim�enez-
Donaire et al. 2020; Wang and Yu 2021; Mokhtar et al. 2021; Hara et al. 2021; Han
et al. 2021b; Chandrasekara et al. 2021). Due to the increasing availability of multi-
source data, particularly those of multisensory remote sensing, a wide variety of com-
posite indices have been proposed to approach the requirements of operational
monitoring of the state of drought (Rajsekhar et al. 2015; Waseem et al. 2015;
Senapati and Das 2022; Yang et al. 2022; Naderi et al. 2022; Ali et al. 2022). Thus,
multivariate composite models have progressed in popularity because of their multidi-
mensionality, which offers them the ability to summarize the complex multifactorial
processes underlying the occurrence and worsening of agricultural drought intensity.
In recent literature, to adequately link the interrelationships of drought variables, the
use of machine learning (ML) for agricultural drought monitoring is the most emerg-
ing approach to constructing drought indices (Rahmati et al. 2020; Han et al. 2021a).
This is due to several advantages of ML over other methods, such as statistical, prob-
abilistic and time series modeling. One of the success factors of using ML models is
that they allow for many of the variables and complex multisource data, which can
significantly improve the accuracy and reliability of the results obtained. Thus, unlike
statistical, chronological, and probabilistic methods, the use of ML makes it possible
to take into account together variables whose spatiotemporal variability changes
instantaneously and the static determinants of drought status (Park et al. 2019;
Prodhan et al. 2021, Saha et al. 2021). For example, time series of in situ meteoro-
logical variables at several scales (precipitation, temperatures) and remotely sensed
biophysical variables that are causal factors with dynamic variability are often associ-
ated in LMs with other factors that can be described as static factors of worsening
drought status, such as topographical factors and soil types for a better assessment of
the state of drought. However, statistical, time and probabilistic methods require his-
torical time series of at least 30 years to achieve the best results (Jiang et al. 2023),
which makes it difficult to integrate static factors such as topographic moisture, topo-
graphic heterogeneity, soil water retention and physiographic diversity of landforms.
In general, statistical methods are only suitable for linear applications, and their
applications to unstable data are limited. In contrast, the mathematical underpinnings
of ML algorithms such as neural networks and decision trees give them the ability to
detect interrelationships between covariates, hidden trends, and complex patterns in
data even when these are not obvious or difficult to identify with conventional statis-
tical methods. Additionally, due to recent developments in information technology
and computing, including connected IoT platforms, ML models can be continuously
fed with meteorological, environmental, and remotely sensed data to ensure real-time
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and constant monitoring of drought conditions (Kaur and Sood 2020a; Kaur and
Sood 2020b; Hoang et al. 2020). However, it should be emphasized that the use of
traditional methods may be more reliable when one is interested in the analysis of
the dynamics of the frequency intensity of drought or the historical retrospective of
drought parameters without highlighting the biophysical and environmental impacts
of drought. Thus, the above suggests that the best approach to drought modeling
may emerge from a combination of traditional and smart methods.

In this regard, Dixit and Jayakumar (2022) developed the copula-based probabilis-
tic multivariate drought index (MDI) to adequately estimate three types of droughts
by incorporating simulated precipitation, evapotranspiration, soil moisture and flow
data. MDI is an excellent framework for monitoring the multivariate future dynamics
of drought conditions, although early findings of the approach are mixed, as they
contradict global climate trends in most climate models that predicted exacerbation
of extreme weather conditions.

Due to the stochastic and multifactorial dimension of drought, multivariate indices
that simultaneously provide information on different types of droughts tend to pro-
vide a more reliable representation of drought status than univariate indices (Hao
and Singh 2015; Hanad�e et al. 2022b). The MDI is a multivariate index that considers
the hydrological dimension of drought through information on flows and evapotrans-
piration, agricultural drought through information on soil moisture and meteoro-
logical drought through information on rainfall impacts of climate change, and its
performance in integrated assessment. The MDI approach has the advantage that it is
applicable for prospective and future assessments of integrated drought conditions.
Similarly, the use of the Archimedean copula makes it possible to integrate the inten-
sity of dependence of drought covariates into the assessment of drought severity,
which is not the case in other multivariate models based on statistical methods such
as principal component analysis (Li et al. 2015; Mansour Badamassi et al. 2020; Ali
et al. 2022). However, MDI does not include the sociohuman dimension of drought
severity or physiographic and environmental determinants that are likely to aggravate
drought severity. These elements reflect the intrinsic sensitivity of agrosystems in
most drought-prone regions. For short-term monitoring of agricultural drought
parameters, Prodhan et al. (2021) proposed a deep learning-based approach to model
the SMDI index as a key agricultural drought response variable by incorporating
twelve variables of causes and worsening of drought status. The approach seems par-
ticularly suitable for monitoring the severity of drought according to different pheno-
logical stages. However, the approach does not involve the use of other
environmental covariables, such as rainfall efficiency, groundwater storage, topo-
graphical variables, and land use practices, that are likely to affect the quantitative
estimation of drought status. In this direction, Bageshree et al. (2022) recently devel-
oped a holistic framework for quantifying and classifying the state of seasonal agricul-
tural drought in the central state of Maharashtra in India called a multivariate joint
drought index (JDI) based on copula and PCA. It is one of the few approaches that
also suggests remotely sensed indices, hydroclimatic indices (SPEI), hydrological indi-
ces (SSI), groundwater and runoff. However, despite a possible improvement in the
detection of combined drought variability with the JDI, vegetation response variables
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to drought, such as NDVI and VCI, are not considered in the JDI model configur-
ation. However, vegetation response to different levels of drought stress intensity is
an essential component in multivariate descriptive modeling of agricultural drought.
Another scientific advance in multivariate drought modeling is the approach devel-
oped by Schwartz et al. (2022) combining ten environmental variables related to
water supply and demand. In terms of the number of subindicators, the approach
covers several drought processes; however, the drought detection performance of the
CCDI model is relatively low, especially in irrigated agrosystems. Two other compos-
ite models, namely, a novel Comprehensive Agricultural Drought Index (CADI) pro-
posed by Tian et al. (2022) and a multivariate drought response index (ADRI)
developed in the Marathwada region by Singh et al. (2022), showed slightly better
performance than the CCDI model. Using machine learning models, many other evi-
dence-based studies have focused on the predictive dimension of agricultural drought
severity, agricultural drought vulnerability modeling or integrated quantitative model-
ing of agricultural drought parameters, i.e. combining multisource data from remote
sensing, climate modeling and in situ data. In northeastern Bangladesh, Al Kafy et al.
(2023) proposed a predictive drought severity assessment approach based on the his-
torical vegetation health index and Cellular Automa (CA)-Artificial Neural Network
(ANN) algorithms. The study suggests a significant increase in drought severity from
2% in 1996 to 24% by 2031. Nevertheless, although the VHI used can provide valu-
able information on vegetation health and stress, it has some limitations that may be
a source of uncertainty. Indeed, the VHI is a bivariate index that combines normal-
ized vegetation anomalies through the vegetation condition index (VCI) and land sur-
face temperature anomalies through the temperature condition index (TCI).
However, the approach based on maximum and minimum value anomalies can be
biased, as the extreme values of NDVI and LST are often aggravated by nonclimatic
conditions, including sensitivity to cloud cover on multidate images and variability in
agricultural practices over the analysis period. To minimize these sources of uncer-
tainty, other researchers have highlighted the value of multivariate drought severity
modeling approaches (Han et al. 2021a; Tian et al. 2022; Ali et al. 2022). Recently,
using four machine learning models (SVR, RF, XGBR, KNNR), Kafy et al. (2023) pro-
posed the Standard Integrated Drought Index (SIDI) in the Tibetan Plateau by adopt-
ing a descriptive drought modeling approach that does not involve the use of
anomalies based on maximum and minimum values. Thirteen predictors related to
weather, vegetation conditions, soil properties and topographic conditions were used
to predict drought conditions with a maximum accuracy of RMSE ¼ 0.11 and MAE
¼ 0.08 with the XGBR model. Nevertheless, despite this relatively high performance,
other studies, such as Saha et al. (2023), have suggested that the use of deep learning
models performs better in multivariate drought modeling than traditional machine
learning models.

Unlike these multivariate composite models, which undoubtedly constitute major
scientific advances in the detection, monitoring, and classification of drought inten-
sity, in this study, we propose a new approach that integrates for the first time a new
variable related to the principles of rainfall efficiency. To our knowledge, no multi-
variate composite model in the previous study has yet explored the integration of
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variables derived from rainfall efficiency. The hypothesis behind our approach is to
believe that rainfall efficiency is a function that is both climatic, environmental and
footprints of previous droughts. Therefore, considering new variables in addition to
the variables commonly used in multivariate drought modeling should improve the
quantitative estimation and quality of agricultural drought parameters, particularly
under Sahelian conditions. At the same time, it must be noted that very few previous
studies have exploited the historical time series of products over forty years provided
by the NOAA AVHRR and VIIRS satellites. Most multivariate composite models for
drought monitoring rely on data from the latest series of sensors with medium spatial
resolution sensors, including MODIS and climate model data. However, in addition
to accurately estimating drought intensity, information on the climatic dynamics of
drought parameters is essential to understand future dynamics, particularly in the
highly heterogeneous agrosystems of the central Sahel and climate sensitivity to sea-
sonal rainfall variability.

In the Central Sahel region, the footprint of local forcings, as well as the cumula-
tive multifactorial impacts of previous droughts and climate change, have significantly
exacerbated the sensitivity of natural and anthropogenic units (Balhane et al. 2022).
Since the 1980s, the agroecosystems of the central Sahel have experienced a complex
environmental dynamic that is very contrasted and irreversible in places. Extreme cli-
matic hazards such as prolonged dry sequences are the main drivers of this dynamic.
By greatly affecting crop and agricultural production, severe drought sequences are
the leading cause of food insecurity in sub-Saharan Africa (Loulli and Hadjimitsis
2018; Nooni et al. 2021). The development of effective tools to monitor, assess and
provide relevant early warning information on agricultural drought is a crucial
imperative to address the multiple challenges that hinder the development of this part
of the world. In the literature, three approaches are commonly used in the develop-
ment of composite indices for monitoring and assessing agricultural drought condi-
tions. These include composite models developed based on local knowledge (expert
opinion), (Bijaber et al. 2018; Bezdan et al. 2019; Kulkarni et al. 2020), composite
models built on purely statistical approaches (Hao et al. 2015; Liu et al. 2020;
Kulkarni et al. 2020; Chen et al. 2020; Wang and Yu 2021; Le et al. 2021; Kim et al.
2021; Ali et al. 2022) and very recently models based on ML algorithms (Park et al.
2019; Han et al. 20121a; Son et al. 2021;Hanad�e et al. 2022b; Bageshree et al. 2022).
The development of robust tools for accurate drought monitoring and early warning
has been a remarkable success in several regions of the world (Cammalleri et al.
2021; Sultana et al. 2021). The current development of new AI and multisensor
remote sensing technologies offers a very favorable framework to meet this challenge
in any geographical region.

In the Sahel region, many previous studies have been conducted on drought
(Leroux et al. 2019; Noureldeen et al. 2020; Chen et al. 2020; Nooni et al. 2021;
Aiyelokun et al. 2021; Abdourahamane et al. 2022). They are, however, essentially
approaches devoted to the characterization of the spatiotemporal dynamics of drought
based on the use of time series of weather stations (Lebel and Ali 2009; Chen et al.
2020; Nooni et al. 2021). Studies on multivariate descriptive modeling of drought
conditions are very marginal (Petersen 2018; Fall et al. 2021). According to Adedeji
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et al. (2020), existing drought monitoring mechanisms in the sub-Saharan African
region depend mainly on conventional methods. The joint use of climate indices and
remote sensing is still a good perspective (Noureldeen et al. 2020; Nooni et al. 2021),
but the assessment and classification of drought parameters by machine learning
techniques are very limited. Factual and technologically contemporary studies are
therefore needed for better quantification of the drought parameters that periodically
plague Sahelian agroecosystems. In other parts of the world, such as South Asia, to
account for the impacts of drought sequences at the scale of smallholder farmers,
Neeti et al. (2021) recently developed the effective weather drought index (EMDI).
EMDI is an integrated, multisensor approach based on the random forest algorithm
for CHIRPS downscaling data.

In the same year, in northern Punjab, Pakistan, Qaiser et al. (2021) developed the
composite drought index (CDI), which is particularly suitable for monitoring agrome-
teorological drought in rainfed crop areas. Similarly, Son et al. (2021) proposed the
vector drought projection index (VPID) in the US CONUS based on a correlation
approach between dependent and nondependent variables. The VPID has a very high
correlation with the US Drought Monitor but has not yet been validated with com-
monly used remote sensing indicators such as VCI, TCI, VHI, or NVSWI. In north-
ern China, Wu et al. (2021) proposed a modeled real evapotranspiration approach for
monitoring agricultural drought. The evapotranspiration deficit index (ETDI) was
found to be more consistent with the composite agricultural yield reduction index
than drought indices such as the SPI and PDSI. In addition to remote sensing data,
other approaches use climate model simulation data in the construction of agricul-
tural drought monitoring indices. In this regard, Han et al. (2019) recently developed
the standardized soil moisture index (SSMI) based on root soil moisture data from
the Global Land Data Assimilation System (GLDAS). The SSMI captured erasing the
spatiotemporal dynamics of agricultural drought in the Loess Plateau. In South
Korea, Sur et al. (2019) developed the Agricultural Dry Condition Index (ADCI) by
combining the VCI, TCI, and Soil Water Saturation Index (WSIS). It should be noted
that the ADCI is a rare composite model whose formulation does not include
precipitation.

In addition to these approaches, drought monitoring models based on deep learn-
ing techniques have emerged around the world, suggesting that deep learning would
be effective in exploring the complex relationships of drought variables (Feng et al.
2019; Liu et al. 2020; Saha et al. 2021; Han et al. 2021a). For example, Shen et al.
(2019) developed a drought monitoring model in Henan Province, China, using data
from multisource remote sensing and a deep learning algorithm. The model has a sig-
nificant correlation with soil relative humidity at a depth of 10 cm. Such a relation-
ship is particularly useful for monitoring drought stress, especially in areas where
agriculture is highly dependent on rainfall. Therefore, certain measures to adapt to
water stress, such as complementary irrigation, can be recommended based on a
mapping of the prevalence of stress. In another study, Liu et al. (2020) proposed an
integrated agricultural drought index (IDI) strongly correlated with soil moisture in
situ. IDI is an approach based on the backpropagation neural network and multi-
source remote sensing and seems better suited for monitoring agricultural drought
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parameters due to the better consideration of the effect of NDVI shift and precipita-
tion. However, the statistical relationship between the IDI and yield anomalies has
not been established to better assess the performance of the IDI.

In the Sahel, in the Nigerien context, Mansour Badamassi et al. (2020) developed
the Agricultural Drought Index (ADCI) from an approach combining four commonly
used drought indices (VCI, TCI, ETCI, PCI). ADCI is a principal component analysis
(PCA)-based approach to assigning weights to each variable, and its applicability has
been tested on millet yields in southern Niger. However, the statistical relationship of
ADCI and VHI is not very high (R¼ 0.62) compared to other models found in the
literature. For example, the ADCI developed by Sur et al. (2019) in South Korea
recorded a correlation of 0.8 with potato and soybean yields. These differences in cor-
relative performance could stem from the difference in approaches used to the choice
and weighting of variables. Currently, learning techniques can be used to achieve
much better performance, thus allowing an accurate assessment of drought conditions
in the Sahelian context. Recent studies that have used ML algorithms for variable
weighting have resulted in significantly higher performance. Recently, it has been
shown that intelligent data-driven models can, in addition to establishing nonlinear
relationships between variables, be effective in predicting the short-term impacts of
an expected or developing drought (Sutanto et al. 2020; Han et al. 2021a). However,
the ability to detect drought parameters depends greatly on the availability of histor-
ical multisource data on impacts. Therefore, it should be noted that accurate, reliable,
and operational drought monitoring applications still require additional efforts. The
desired compromise on early warning, particularly at the local level, has not yet been
reached. The latter should include both high spatial and temporal resolution monitor-
ing and accurate quantification of all drought parameters.

Thus, it can be seen in the current literature on agricultural drought intensity
mapping that apart from anomalies in commonly used biophysical and/or climatic
variables, previous and/or environmental conditions are rarely taken. Past and cumu-
lative impacts of historical droughts are often omitted from the construction of
drought assessment indices. This can lead to an overestimation or underestimation of
the intensity of agricultural drought, particularly in climate-sensitive agrosystems.
Evidence-based studies are therefore needed to explore the cause-and-effect intercon-
nections of meteorological, biophysical, environmental, and anthropogenic variables.
The joint use of environmental condition indices with climate and biophysical indices
is one of the avenues to be explored to improve the performance of multivariate
models for descriptive assessment of agricultural drought conditions because the spe-
cific sensitivity of an agrosystem to drought is a function of the dynamics of previous
conditions and present conditions. For example, Jiao et al. (2021) demonstrated that
postdrought recovery is strongly influenced by the duration, frequency, and intensity
of previous droughts, postdrought moisture conditions and the bioclimatic setting. In
most composite models proposed in the literature, anomalies in biophysical (vegeta-
tion, moisture, soil temperature) and climatic (precipitation, evapotranspiration)
parameters are aggregated as simple indices without the anomalies of bivariate rela-
tionships between them being included in the multivariate configuration of agricul-
tural drought assessment models. Variances in bivariate relationships between
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biophysical and climatic parameters may be an ideal marker for accounting for the
footprints of past conditions in drought assessments. For example, anomalies in the
linear relationship between vegetation conditions and precipitation anomalies known
as rainfall efficiency would be potentially representative of direct and past impacts of
water stress better than precipitation and/or NDVI individually. Rainfall efficiency is
one of the most important environmental factors in highlighting the productive
potential of precipitation in ecosystems where rainfall is the only source of water sup-
ply (San Emeterio et al. 2012). The addition of this variable to descriptive modeling
of agricultural drought could reduce uncertainties associated with a spatiotemporal
misdistribution of precipitation intensity and concentration during the rainfed crop
growing season.

In this study, in addition to the simple indices traditionally used in multivariate
drought modeling, based on the history of drought impacts, we tested the addition of
a new biophysical variable that relies on the principle of rainfall efficiency to develop
a multivariate composite model for agricultural drought monitoring. Our basic
assumption is that precipitation efficiency is a variable that highlights the efficiency
of precipitation in ecosystems where precipitation is the only source of water.
Therefore, integrating it into the configuration of the multivariate model should allow
a better quantification of agricultural drought parameters and an objective classifica-
tion of drought severity. Thus, the research questions underlying this approach
include the following:

i. Will the addition of standardized rainfall efficiency anomalies have a beneficial
effect on the performance of the new multivariate agricultural drought assess-
ment model?

ii. Does the use of unsupervised learning techniques with random forest allow a
better use of the history of cumulative and/or delayed impacts of previous
droughts in estimating the weights of the components of the multivariate
model?

iii. Does the historical dynamics of the agricultural drought parameters (start, dur-
ation, intensity, and cessation) of the new multivariate model corroborate with
those of the other drought indices (VHI, NVSWI, SPI, PDSI).

iv. There is a statistically significant relationship between the new multivariate
drought monitoring model (MDCI) and climate water deficit (CWD).

2. Materials and methods

2.1. Study area

The Central Sahel River Basin is a segment of the Niger River Basin covering three
countries: Niger, Mali, and Burkina Faso (Figure 1). It extends from its topograph-
ical limits on the borders of the Sahara in the north (Algeria) to the south, where
the climatic conditions are humid tropical. The study area is located between
10�57’5.4000N and 17� 5’14.7600N latitude and 1�59’4.3400W and 6� 0’31.3300E longi-
tude. It was chosen because it is one of the main cereal production areas in West
Africa. However, in the current context of insecurity linked to terrorism in this so-
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called ‘three-border’ zone, there is no possibility of collecting field information. The
objective is therefore to evaluate the seasonal productivity of agrosystems in this
insecure area using only multisource remote sensing data without any ground truth.
This watershed is inactive on its topographical boundaries that extend to Algeria by
the fossil networks of the Azaouagh. It drains 340,723 km2, but the active and
exploited part of the basin remains very small compared to its geographical extent.
It fully covers the two administrative regions of southwest Niger, part of the north-
ern regions of Mali and Burkina Faso. The climatic conditions of the basin are
between the Saharan and Sudanese domains which are most often considered the
hotspots of global climate influence on several scales. It records a well-contrasting
alternation between a short-wet season under the influence of the ITCZ and a long
dry season under the influence of the trade winds. Further north, the Sahelo-
Saharan zone records an annual rainfall of between 150 and 250mm, the typical
Sahelian zone in the central zone of the basin reaches 250 to 500mm/year, and the
Sahelo-Sudanian zone further south reaches 500 to 750mm/year. Closely linked to
the very gradual south–north bioclimatic transition, the dominant vegetation is a

Figure 1. Location of the study area.
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steppe and herbaceous savannah dotted with trees in the south and shrubs in the
north.

2.2. Characteristics of production systems

The study area is very diverse in terms of agro-climatic conditions. It is mainly made
up of three types of agrosystems: hyper arid agrosystems in the extreme north of the
basin (rainfall <100mm/year), pastoral agrosystems within the limit of 100 to
350mm and agricultural production systems essentially in the southern part of the
watershed, which records rainfall between 350 and 1000mm/year. The agricultural
production system is essentially rainfed (approximately 90%) and is characterized by
a low technological capacity with only 4% of land irrigated, which limits the climatic
resilience of the production systems (Sanou 2002). Productivity per hectare is one of
the lowest in the world, approximately 1179 kg/ha compared to 6 to 12 tons in Asia
and Europe (https://reca-niger.org/spip.php?article142). Figure 2 shows the updated
spatial distribution of production systems and the main land use and land cover
units. The red color of the map corresponds to production systems with supplemen-
tary irrigation. This production system clearly occupies a very small part of the

Figure 2. Spatial distribution of production systems and the main land use and land cover units.
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watershed. The different levels of intensity of the green color correspond to rainfed
production systems that are very dominant compared to semi-irrigated systems. This
includes the main rainfed crop species, which are cereals (millet, sorghum, fonio and
maize) and the dominant cash crops (cowpeas, groundnuts, voadzou and sesame).

2.2. Data sources

2.2.1. NOAA and VIIRS sensor image data
To develop the new multivariate index over a forty-year period, the NOAA experi-
mental database was used to assess the spatiotemporal dynamics of agricultural
drought parameters in central Sahel agrosystems. This historical database is obtained
from the https://www.ncei.noaa.gov/ website. It consists of the restated data series
(2019 version) of the noise-standardized difference vegetation index (SMN), noise
brightness temperature (SMT), vegetation condition index (VCI), state of temperature
index (TCI), and vegetation health index (VHI) of the AVHRR sensor (1981-2012)
and VIIRS (since 2013). The database was acquired at a resolution of 4 km with a
temporality of 7 days and is available in three formats (Geotiff, HDF, and NetCDF).
We used the NDVI MODIS 250m resolution grid to resample all products at 250m
resolution. Note that this historical database is being tested. Few case studies have
evaluated the quality of multisensor time series products in the Sahelian zone. In this
respect, our reference time series are therefore the products and indices of the
MODIS sensors (2002 to 2003) used for the purpose of comparison or resampling at
an average spatial resolution of 250m.

2.2.2. CHIRPS (InfraRed precipitation with station data)
The meteorological component of the approach used was represented by CHIRPS sat-
ellite precipitation uploaded to the FEWSNET/USAID website. The monthly rainfall
database was acquired for the period 1981 to 2021. This product integrates thermal
infrared satellite estimates at a resolution of 0.05� and in situ observations to create a
precipitation time series for trend analysis and seasonal drought monitoring. In a
context marked by the exacerbation of the demand for atmospheric water due to cli-
mate change, rainfall remains the most important factor in the development of
drought, particularly in the semiarid tropical agrosystems of the central Sahel.

2.2.3. MODIS sensor data (2002_2003)
To make a comparison and assess the quality of the multisensor time series, data
from the MODIS NDVI and LST sensors were downloaded https://lpdaac.usgs.gov/
products/mcd12q1v006/ for the period 2002 and 2021. The MODIS sensor offers the
ability to track changes in vegetation water stress and anomalies in ground surface
temperature at a spatial resolution of 250m, which is much better than the NOAA
and VIIRS sensors. However, the advantage of the latter is that it offers the possibility
of mapping the history of drought parameters over forty years and therefore a suffi-
cient and necessary database for predictive modeling (Table 1).
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2.2.4. Reference data
In this study, two types of reference data were used for the development and valid-
ation of the new multivariate index for agricultural drought monitoring. These are
annual cereal yield data covering the period 1981 to 2018 acquired from the FAO
website. These data were normalized according to equation 9 to generate a reference
variable that represents the interannual impact of drought. Then, this variable related
to the variability of agricultural yield anomalies was considered as a response variable
to determine the relative importance of each variable using a random forest model.
The second set of reference data is the monthly and annual rainfall time series from
two meteorological stations in the watershed (Niamey and Dori) that were used to
calculate the SPI for the final model validation (equation 12). These data cover the
period 1981 to 2021 and are available on the NASA website: https://power.larc.nasa.
gov/docs/methodology/. In addition, historical time series of seasonal averages of the
Palmer drought severity index (PDSI) and climatic water deficit from the
TerraClimate database were acquired on the Google Earth engine platform to refine
the evaluation statistics of the MDCI_RF model. This database is open access and can
be accessed via the link https://developers.google.com/earthengine/datasets/catalog/
IDAHO_EPSCOR_TERRACLIMATE.

2.2.5. Crop zone mask and agricultural calendar
Drought in the agronomic sense is to be distinguished from meteorological or hydro-
logical drought. The impacts of drought factors, in particular the rainfall deficit, on
crop growth and productivity are mainly linked to the spatiotemporal distribution of
drought factors throughout the phenological cycle of crops. Even when rainfall is at
the turn of the climatic average, its poor distribution in time and space is the most
increased risk factor, especially in agrosystems where rainfall is the only source of
water supply. Therefore, the scale of analysis of the dynamics of agricultural drought
parameters must consider the agricultural calendar of rainfed crops. In this study,
since we are particularly interested in agricultural drought, a seasonal crop mask was
applied to extract the pixel values of the agricultural areas for statistical analysis. The
seasonal crop mask was taken from the website https://www.mapspam.info/data/.

2.3. Method

In this study, the parameters of agricultural drought (occurrence, intensity, duration,
and severity) are obtained by the objective combination of anomalies in the parame-
ters of vegetative stress (VCI, PV, SVCI), heat stress (SMT, TCI, STCI), climate stress
(PCI, RDI, IDP) and an indicator related to environmental conditions (RUE, NRUE).

Table 1. Data characteristics and biophysical index.
Variables/indices Couverture temporelle Temporal resolution Spatiale resolution

CHIRPS precipitations 1981–2021 Monthly 5 km
MOD11A2 LST, TCI 2003–2021 8 days 1 km
PDSI, CWD 1981–2021 Monthly 4638.3 m
MOD13Q1 NDVI, VCI 2002–2021 10 days 250 m
SMT, TCI 1981–2021 7 days 4 km
SMN, VCI 1981–2021 7 days 4 km
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The objective combination of explanatory parameters assumes an approach based on
the drought impact variable and the selection of the most relevant variables in the
final model. In this study, the impact variable considered is the anomalies of cereal
yields at the national level, and highly correlated redundant variables were not con-
sidered in the final model.

2.3.1. Processing steps
After the acquisition of the database of different variables, the processing chain
includes four steps. The first step is the cleaning of the missing pixels on each image.
The number of missing pixels is likely to affect the reliability of the results. Thus, this
step aims to clean up the missing pixels (NoData) and replace the average values of
the neighboring pixels by using on ArcGIS 10.4.1 the functions Con(IsNull(‘raster’),
FocalStatistics(‘raster’, NbrRectangle(5,5, ‘CELL’), ‘MEAN’), ‘raster’) in ArcGIS 10.4.1.
For Blended-VHP from NOAA/AVHRR and VIIRS sensors, the missing pixels cor-
respond to the numbers �9999, and this step resulted in rasters without missing val-
ues. More information on this step is available at https://support.esri.com/en/
technical-article/000004792. The second step is the reconstruction of the seasonal
time series from 1981-2021 considering the availability of 7-day images between May
and September of each year. This step allows applying the Combine function to
switch from multidate images to a single image that corresponds to the pixel average
values of the number of available images. The third step of the methodology consists
of a resampling of the time series images to 250m. To do this, all the images were
resampled using the resample function of ArcGIS considering as reference the pixel
grid of the NDVI MODIS, which is 250m. In the fourth processing step, the per-
pixel statistical zonal function was applied to the raster bricks to extract the Max,
Min, STD, and Mean values on each image series to calculate the anomalies of the
biophysical variables (univariate indices). These will be considered as a new database
on which the variable relative importance assessment described in the next section
was made.

2.3.2. Identification of potential variables (model input)
To determine the relative importance of the variables, 11 explanatory factors derived
from multisensor remote sensing were calculated and compared to retain the most
important variables in the configuration of the final model. To achieve this, after cal-
culating the different indices, the average values of the seasonal pixels were extracted.
The pixel values were extracted under the environment of the ENVI image processing
software by applying the crop mask. This made it possible to build an Excel table
with 12 columns including the reference variable, which is the anomaly of agricultural
yields. This table was later used as input to the random forest algorithm in R 4.3.0
software for prioritizing relationships between covariates and crop yield anomalies.
The calculations of the different indices and the description of random forest algo-
rithm are presented in the following sections.

2.3.2.1. Parameters related to climate stress (IDP, PCI, NRDI). Water stress related
to a deficit of precipitation, or its poor spatiotemporal distribution can be obtained
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through several indices based on the deviation from the maximum, minimum, or
standard deviation values and the average of the climate series. In this study, the pre-
cipitation concentration index (PCI), equation (2); the precipitation deficit index
(IDP), equation (3); and the normalized rainfall deficit index (NRDI), equation (1),
were calculated and compared to identify the best indices that would represent cli-
mate stress anomalies.

NRDI ¼ ðIDPðiÞ�Min= Max�Minð Þ (1)

PCIðiÞ ¼ PðiÞ � Pminð Þ= Pmax� Pminð Þ (2)

IDPð%Þ ¼ Pi� Pmð Þ= Pmð Þ (3)

IDP: Rainfall deficit index (in percentage); Pi: annual precipitation (in mm); Pm:
average precipitation (in mm)

2.3.2.2. Abnormalities in parameters related to vegetative stress (VCI, PV, SVCI).
Several biophysical indicators related to vegetation are representative of vegetation
stress conditions. In this study, we explored the relevance of four vegetation stress
indicators: the proportion of vegetation (equation 4), the SVCI scaled vegetation con-
dition index derived from smoothed NDVI (equation 5), the noise-standardized dif-
ference vegetation index (SMN), and the Vegetation Condition Index (VCI) at the
origin of the work of (Kogan 1990). PV is an index that determines the proportion of
vegetation cover originally proposed by Yu et al. (2014) as a necessary variable for
estimating LST from Landsat thermal bands. The SVCI is indeed the same as the
VCI proposed by Kogan (1990), and the only difference is that it was calculated using
the smoothed NDVI (SMN). Therefore, to differentiate the two indices, we added the
term scaled.

PV ¼ SMNðiÞ � SMNminð Þ= SMNmax� SMNminð Þ� �
2̂ (4)

PV is the proportion of vegetation derived from NDVI (smoothed).

SVCI ¼ SMN ðiÞ � SMNminð Þ= SMNmax� SMNminð Þ (5)

SVCI is a vegetation condition index derived from smoothed NDVI (SMN).
SMN (i), SMNmax, and NSMN min are the pixel values of SMN and its maximum

and minimum, respectively, in the time series considered.

2.3.2.3. Heat stress-related parameters (TCI, STCI, SMT). The temperature condition
index (TCI) led to Kogan’s work at NOAA in 1995 in the United States. It is an indi-
cator that is based on the temperature of brightness and is applicable at the local,
regional, or continental level, instantaneously or over periods of up to a year
(Mohammed 2008). The index determines the stress that temperature and excessive
humidity due to soil saturation with water cause to vegetation (Kogan, 1997). The
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conditions are estimated in relation to the maximum and minimum temperatures
and are adapted according to the different reactions of the vegetation to the tempera-
ture. In this study, in addition to the corrective treatments applied to the NOAA sen-
sor’s TCI product, the scaled temperature conditions index (STCI) was calculated
from the noise-free brightness temperature (SMT), equation (6). The STCI is indeed
the same as the TCI proposed by Kogan (1997); the only difference is that it was cal-
culated using the smoothed LST (SMT). Thus, to differentiate the two indices, the
term scaled has been added.

STCI ¼ SMTmax – SMTðiÞð Þ= SMTmax � SMTminð Þ (6)

STCI(i), SMTmax and SMTmin are the pixel values of SMT and its maximum and
minimum, respectively, in the time series considered.

2.3.2.4. Parameters related to rain use efficiency (RUE). The effectiveness of rainfall
is one of the most important environmental factors that makes it possible to highlight
the efficiency of rainfall, especially in environmental conditions where rainfall is the
only source of water supply. Taking this variable into account in descriptive drought
modeling aims to reduce the influence of the poor spatiotemporal distribution of
rainfall intensity and concentration during the crop growth period. In the context of
the central Sahel, the beneficial effect of cumulative rainfall on agrosystem productiv-
ity is highly dependent on a good distribution of rainfall over the five months of the
agricultural calendar. This variant of rainfall is particularly significant in the context
of the Sahel, where the complementary irrigation system is poorly developed or even
nonexistent in places. RUE (rain use efficiency) is an indicator of rain efficiency. It
was originally calculated by considering the ratio of net primary production to pre-
cipitation. In this study, we considered the ratio of the vegetation condition index
(VCI) and precipitation to estimate the RUE. NRUE (normalized rain use efficiency)
is an indicator that represents the normalized form of the RUE index (equation 7). It
was developed in this study to represent the sensitivity of agrosystems to the cumula-
tive impacts of past droughts.

NRUE ¼ ðMax� RUEðiÞ= Max�Minð Þ (7)

NRUE is the Normalized Rainfall Efficiency Index, and Max and Min are the
extreme values of the RUE pixels.

2.3.3. Relative importance of relevant variables using random forest algorithm
Estimating the importance of each variable in the composite model is a key step in
the multivariate modeling of drought parameters. Variable-importance evaluation
functions that use model information have the advantage of using a model-based
approach and may be able to incorporate the correlation structure between predictors
in calculating the importance of explanatory variables. In this category, ML models
based on decision trees have the advantage that they are less sensitive to order rela-
tionships in training data. For this reason, based on the approach used by Han et al.
(2019) for the development of the combined drought monitoring index (CDMI)
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model, the random forest algorithm was used to determine the relative importance of
the components of the MDCI model. Random forest is one of the ML algorithms
based on decision trees particularly effective for identifying the links between a vari-
able to be explained and explanatory variables. It classifies the explanatory variables
according to their relationship to the variable to be explained by creating several deci-
sion trees and then combines the output generated by each of the decision trees. The
most common result for each observation is used to determine the relative impor-
tance of each variable (Figure 3). It was chosen because its performance is relatively
less sensitive to low input datasets and missing data (Zhou et al. 2016; Shaikhina
et al. 2019; Li and Xu 2021). By aggregating the results of many trees, it can improve
its accuracy and reduce the risk of overfitting, even when it comes to small data sets.
The model calculates the importance of the impact of each variable on the errors of
the predictions and thus determines the weights of each variable. In our case, interan-
nual variability in cereal yield anomalies was considered as the target variable and
PCI, TCI, VCI, SMN and NRUE as explanatory variables. The weights obtained were
compared with those obtained on the correlative analysis of the variables. The ran-
dom forest package used is available via http://mehdikhaneboubi.free.fr/random_for-
est_r.html. It is a semi-supervised machine learning model that uses only a
quantitative data as input and does not involve the use of labeled data or the separ-
ation of data into training, calibration, and validation samples. The model fit parame-
ters and model evaluation indicators are presented in the following section.

For the three weighting cases, all weights of the relative importance of the variables
were normalized to the same scale (0 to 1), equations (8).

MDCIRF ¼ 0:23 � NRUEð Þ þ 0:20 � PCIð Þ þ 0:20 � VCIð Þ þ 0:19 � TCIð Þ
þ 0:18 � SMNð Þ (8)

4.3.4. Model performance evaluation
The performance of random forest was evaluated using the mean square residual
(MSE) of the out-of-bag errors (OOB) using the smallest value to select the optimal

Figure 3. The relative importance of variables.
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model. Out-of-bag errors or test error is a method of measuring the prediction error
of random forests. The goal is to obtain the lowest OOB by adjusting the model
parameters, the number of trees (ntree) and the number of variables tested at each
division (mtry). The smallest MSE value was obtained with random forest using
parameters ntree¼ 2000 and mtry ¼ 2. Table 2 presents the MSEs, and the variance
explained by each variable in the random forest model.

2.3.5. Yield anomaly
The impacts of extreme droughts can significantly affect cereal productivity in areas
where rainfall is the only source of water supply for crops. For this purpose, agricul-
tural yield anomalies are often used in the development and/or validation of drought
indices (Patel and Yadav 2015; Anderson et al. 2016; Hendrawan et al. 2022).
However, to minimize the effect of several factors that influence agricultural product-
ivity, farm yield data were standardized according to the following formula (9):

Ya ¼ Yi � Ymin
Ymax � Ymin

(9)

where Ya is the yield anomaly, Ymin is the minimum value in the series, and Ymax
is the maximum in the series.

2.3.6. Reference indices for the validation of the MDCI composite model
To validate the multivariate composite model developed for agricultural drought
monitoring, the vegetation health index (VHI) and the normalized vegetation supply
water index (NVSWI) were used. The VHI and the NVSWI are the two best-known
indices of agricultural drought and are validated in many climatic zones. The
Normalized Vegetation Water Supply Index (NVSWI) is calculated as follows:

NVSWI ¼ VSWI� VSWIminð Þ= VSWImax� VSWIminð Þ � 100 (10)

NDVI and LST of the same month or year, VSWImin, and max are the maximum
and minimum values of the time series.

The VHI used in this study for validation is the mixed vegetation health product
(official mixed VHP), covering the period 1981 to 2021. It is a multisensor set of
retired vegetation health data derived from VIIRS (2013-present) and AVHRR (1981-
2012) data. Although the product has been improved over the GVI-x VH system, the
operations of pixel outlier corrections, normalization (0 to 1), re-enticing at 250m,
and statistical zonal correction have been applied to VHP products. Seasonal and

Table 2. Performance measures of the random forest model.
Indices Mean of squared residuals % Var explained

VCI 0.002715254 89.77
TCI 0.007520266 62.27
PCI 0.0148624 60.35
NRUE 1.479765e-06 63.23
SMN 0.181745 �6.19
Yieled 0.03964814 48.41
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monthly VHI averages were calculated using the available 7-day image collections. In
addition, VHI was calculated from TCI and VCI biophysical indices (equation 11).

VHI ¼ a � VCIþ 1�að Þ � TCI (11)

In this equation, the VHI of month (i) or year (i) is equal to the sum of VCI (i)
�0.5þTCI (i)� 0.5 at the time scale considered.

2.3.7. Concordance of MDCI vs. PCA, VHI and NVSWI time trend magnitudes
In addition to the statistical and cartographic comparison, the per-pixel temporal
trend regression of the multivariate composite model was compared to the pixel tem-
poral trend regressions of the principal component analysis, VHI, and NVISWI over
the period 1981 to 2021. Principal component analysis was applied to three simple
indices: the VCI, TCI, and NRUE. Figure 4 shows the main steps in the study
methodology.

To classify the different drought intensity levels of the MDCI model, we adapted
the classification threshold that was used by Han et al. (2019) in China for the CDMI
model. These intensity thresholds used for the cartographic comparison of reference
drought indices (VHI, NVSWI) and the MDCI model are provided in Table 3.

2.3.8. Validation by the standardized precipitation index (SPI)
Developed by researchers at the University of Colorado (McKee et al. 1993), the SPI
is a versatile index that can be calculated on any time scale and quantifies the devi-
ation of a period’s precipitation, deficit or surplus, from the historical average precipi-
tation of the period. In this study, the annual SPI was used from the time series of
data from two metrological stations. These are the station of Niamey airport (13.48�N
j 2.17�E, 223m altitude) and the station of Dori in northern Burkina Fasso (14.03�N j
0.03�W, 276m altitude). These two stations are spatially well distributed in the

Figure 4. Methodology flowchart.
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watershed; the Niamey station is slightly in the center of the basin, and the Dori sta-
tion is slightly in the wateriest southwestern part of the watershed. SPI has been
widely used as a benchmark in the development and validation of composite indices
(Sepulcre-Canto et al. 2012; Alfred and J€urgen 2015; Bayissa et al. 2019). It is calcu-
lated by the formula:

SPI ¼ P�Pm
rP

(12)

where P is the total precipitation of a period (mm); Pm is the historical mean precipi-
tation of the period (mm); and rP is the historical standard deviation of precipitation
of the period (mm).

2.3.9. Validation by Palmer drought severity index (PDSI)
The PDSI is an M, Wagdy severity index widely used to monitor different types of
droughts (Yan et al. 2016; Wu et al. 2021; Jiang et al. 2021; Du et al. 2022). It was
developed by Palmer in 1965. The PDSI uses monthly data on temperature, precipita-
tion and soil water holding capacity as input parameters. Given the information on
rainfall and temperature, the PDSI is a more comprehensive index than the SPI for
assessing agricultural drought (Huang et al. 2015). The index is standardized to be
comparable between different climatic zones (Mishra and Singh 2010). The severity
of drought is provided ranging from �10 (dry) to þ10 (wet). In this study, historical
records of the PDSI of TerraClimate data were used to assess its static relationship
with the developed MDCI model.

2.3.10. Validation by climatic water deficit index (CWDI)
In addition to validation by SPI, PDSI and yield anomalies, the Climate Water Deficit
Index (CWDI) was also used to assess MDCI performance. CWDI is a measure of
potential evapotranspiration minus actual evapotranspiration and integrates climate,
energy load, drainage, and soil moisture changes into a single variable (Flint et al.
2014). It is therefore an integrated variable that can provide information on local cli-
mate stress (https://www.aquaportail.com/definition-13134-deficit-hydrique.html) con-
ditions. For this reason, we considered the CWDI from the one-dimensional soil
water balance model of the TerraClimate database (Abatzoglou et al. 2018) to estab-
lish the statistical relationship between the CWDI and MDCI.

2.3.11. Statistical models and results visualization
In addition to comparative mapping, Pearson’s parametric correlation test (equation)
and relationship significance test were used to evaluate the performance of the

Table 3. Classification of MDCI and the reference remote sensing drought indices.
Thresholds of classification of Multivariate drought composite index

Class Exceptional Extreme Severe Moderate abnormally No drought
Thresholds 0–0.1 0.1–0.2 0.2–0.3 0.3–0.4 0.4–0.5 > 0.5
Classification of bivariate drought index (VHI, NVSWI)
Class Extreme Severe Moderate Mild No drought
Thresholds 0–0.1 0.1–0.2 0.2–0.3 0.3–0.4 >0.4

GEOMATICS, NATURAL HAZARDS AND RISK 21

https://www.aquaportail.com/definition-13134-deficit-hydrique.html


MDCI_RF model. For this purpose, the values of the seasonal variability of the RF
MDCI_ and the validation indices (SPI, PDSI, CWDI, VHI and NVSWI) were con-
sidered to establish the statistical analyses. The Pearson correlation coefficient is one
of the very popular statistical metrics in the evaluation of statistical relationships of
spatiotemporal variability of drought indices (Jiang et al. 2015; Zhao et al. 2022). In
this study, correlation matrices including regression lines, Pearson parametric correl-
ation test and p value significance test were run automatically in the R environment
version 4.2.0 using the library(ggpubr) and library(‘PerformanceAnalytics’). More
information is accessible via the http://www.sthda.com/english/wiki/correlation-
matrix-a-quick-start-guide-to-analyze-format-and-visualize-a-correlation-matrix-using-
r-software site. Similarly, using R software, the Raster Library was used to generate
and compare the pixel trend magnitudes of the reference indices and those of the
developed MDCI_RF model. The p value per pixel was calculated to hide the values
> 0.05 and achieve a 95% confidence level. Thus, only pixels of significant trends
were considered for comparison of trend magnitudes. This method is inspired by the
work of Brandt et al. (2014), who applied temporal regression on NDVI and FAPAR
time series to assess changes in local vegetation trends in Sahelian ecosystems https://
matinbrandt.wordpress.com/2013/11/15/pixel-wise-time-series-trend-anaylsis-with-ndv
i-gimms-and-r/. For the comparative visualization of the distribution of index

Figure 5. False rupture of the multisensor series.

22 I. HANADÉ HOUMMA ET AL.

http://www.sthda.com/english/wiki/correlation-matrix-a-quick-start-guide-to-analyze-format-and-visualize-a-correlation-matrix-using-r-software
http://www.sthda.com/english/wiki/correlation-matrix-a-quick-start-guide-to-analyze-format-and-visualize-a-correlation-matrix-using-r-software
http://www.sthda.com/english/wiki/correlation-matrix-a-quick-start-guide-to-analyze-format-and-visualize-a-correlation-matrix-using-r-software
https://matinbrandt.wordpress.com/2013/11/15/pixel-wise-time-series-trend-anaylsis-with-ndvi-gimms-and-r/
https://matinbrandt.wordpress.com/2013/11/15/pixel-wise-time-series-trend-anaylsis-with-ndvi-gimms-and-r/
https://matinbrandt.wordpress.com/2013/11/15/pixel-wise-time-series-trend-anaylsis-with-ndvi-gimms-and-r/


densities (Figure 5), the Seaborn 0.12.2 library was used. Seaborn is a Python library
for statistical data visualization based on matplotlib. The notebook used for this ana-
lysis can be accessed via the following link https://seaborn.pydata.org/generated/sea-
born.pairplot.html.

r ¼
Pn

i¼1 xi � xð Þ yi � yð ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1 xi � xð Þ2

Pn

i¼1
ðyi�y�Þ2q

where n is the series number and xi and yi are the values of series x and y, respect-
ively. x̅ and y̅ represent the average values of the respective series.

3. Results

3.1. False break of multisensor time series

Figure 5 highlights the disadvantage of the multisensor time series used in this study
and the opportunities for effective improvement. At first glance, a break in the series
has been observed since 2013. However, an advanced diagnosis has made it possible
to understand that this break in the series is closely related to the difference in the
data qualities of the NOAA sensor (1981 to 2012) and the VIIRS sensor (2013 to
2021). Such a result is very valuable given that the database used is being tested.
Future studies can build on such results to understand the disadvantages of multisen-
sor time series. The corrected result is shown in Figure 5B.

3.2. Analysis of the monthly distribution of VHI, TCI, VCI, and SMN

The comparative analysis of the clusters of the distribution of monthly index values
(VHI, TCI, VCI) shows little difference for the first three months of the agricultural
season except for the smoothed vegetation index (SMN). The SMN indicates a well-
contrasted distribution between the months of June, July, and August (Figure 6).
Since the latter is an index based solely on the state of vegetation, this distribution
corroborates the NDVI values throughout the agricultural season. Similarly, compar-
ing the distribution of the other indices, it appears that the values of the temperature
condition index (TCI) distribution record the lowest class separability for the first
three months of crop growth.

3.3. Historical interannual variability of the MDCI_RF multivariate composite
model

Figure 7 shows the multivariate mapping of drought conditions obtained by the com-
bination of five drought variables. The proposed multivariate composite model for
agricultural drought monitoring (MDCI) traced the history of drought parameters
(occurrence, intensity, severity, and cessation). The climatology of drought conditions
is provided at six levels of drought intensity. This result shows the irregular succes-
sion of both similar normal years and a very long period of drought that began in
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1982 until 1989. Since then, the resurgence of the exceptional drought of the same
intensity has not been observed in the Central Sahel watershed. This period is charac-
terized by an exceptional intensity of drought and extreme severity considering its
magnitude and duration. On the other hand, it should be noted that the succession
of wet years in this part of the world hardly exceeds two consecutive years. However,
a long series of relatively normal years characterize the last decade. These years are
marked by the absence of pockets of exceptional and extreme droughts but a domin-
ance of severe to moderate sequences.

The correspondence between the severity of exceptional droughts and the impact on
yields per hectare (Figure 7) shows the ability of the MDCI model to capture the impacts
of the exceptional droughts of 1984 and 1987. For these two years, which record the
extreme intensity of the drought, the corresponding impacts in terms of reduced yields
were �142kg/ha and �72.6 kg/ha, respectively, compared to the average yield per hectare
over 38 years. Similarly, the wettest years according to the MDCI result are characterized
by their rainfall surplus compared to the climatic average precipitation. This is the case for
1999, with a surplus of þ48.8mm, and the year 2005, with a surplus of 25.5mm. In other
words, when the rainfall deficit reaches �24mm/moy, the severe to extreme drought
increases. This is the case illustrated by the year 2000.

Figure 6. A comparative cluster of the distribution of monthly values of VCI, TCI, VHI, and SMN.
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3.4. Analysis of the frequency distribution of the MDCI_RF

Of the entire multivariate composite model (MDCI) time series, the frequency pro-
portion of wet pixels (>0.5) is the lowest. The proportion of pixels of severe to mod-
erate droughts (0.3 to 5) is most dominant for all years except 1987. 1987 was the
year with the most extreme conditions (<0.3). Comparing the frequency distribution
of drought intensity in 1985 with conditions in 1981, we can accept the occurrence of
very contrasting conditions, both wet and extremely dry. However, similarities and
interannual differences in the distribution of wet and dry pixels should be highlighted
(Figure 8). This is the case for the years 19881, 1995, and 96 (wet). Similarly, drought
years that are similar in the distribution of dry pixels are easily identifiable (1982 to
1990). This decade is undoubtedly the driest of the series from 1981 to 2021.

3.5. Validation of MDCI by VHI, NVSWI and PCA

3.5.1. Analysis of cartographic correspondences with the VHI
The spatiotemporal mapping of drought conditions by the vegetation health index
shown in the figure reflects a high agreement with the mapping result of the

Figure 7. Multivariate mapping of agricultural drought parameters (MDCI_RF).
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multivariate composite model shown in Figure 6 above. Unlike the cartographic result
provided by the supply vegetation water index (Figure 10), which shows an amplify-
ing and contrasting effect of water stress, the spatialization of drought conditions by
VHI (Figure 9) corresponds well to that of MDCI. The MDCI is a composite model
that incorporates several factors related to the development and worsening of drought
conditions, and the VHI is an index that integrates only two components (VCI and
TCI). In the same way as the MDCI, the VHI made it possible to highlight the par-
ticularly dry conditions that prevailed between 1982 and 1990. However, it should be
noted that the VHI was reclassified into six drought intensity classes to make the
map visualization comparable to the six intensity levels of the proposed MDCI
model.

3.5.2. Analysis of cartographic correspondences with the NVSWI
Figure 10 maps the historical dynamics of the distribution of agricultural drought
parameters in the Sahel watershed by the NVSWI index. Although the NVSWI
reflects a good temporal concordance with the VHI and MDCI, the spatial distri-
bution of stress conditions by the NVSWI is characterized by a very contrasting
amplifying effect. Nevertheless, this spatially contrasting amplifying effect is quite
comparable to the cartographic results of the Normalized Rainfall Efficiency
Index (NRUE), with a few exceptions (2018 to 2021). However, it should be
noted that the statistical correspondence of the NVSWI with VHI and MDCI is
significantly better than that of NRUE. On the mapping of NVSWI and NRUE,
one can easily see the differentiated grip of extreme drought better than with
VHI and MDCI. However, over the past five years, the normalized rainfall effi-
ciency index has put forward a succession of adverse conditions, unlike NVSWI’s

Figure 8. Interannual distribution of drought intensity frequency.
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mapping. This is understandable because NRUE is proposed to reflect the rela-
tionship between the vegetation condition index and precipitation (useful precipi-
tation), while NVSWI relies on the relationship between NDVI and land surface
temperature.

3.5.3. MDCI_RF vs VHI and NVSWI temporal consistency
Figure 11 shows the temporal evolution of the seasonal average values of the MDCI,
VHI, and NVISWI. On this graph, the temporal variability of MDCI accurately
reflects the seasonal variability of the most popular agricultural drought indices (VHI
and NVSWI). VHI and NVSWI are considered in this study as benchmarks because
they are the best-known indices of agricultural drought by remote sensing. The
chronological comparison of the latter and the MDCI shows a consistent and highly
synchronized interannual variability over a historical period of 40 years. The peaks of
the extreme condition convergences with the minimum and maximum values of these
three indices, whose low values indicate dry conditions and values above 0.5 reflect
the absence of drought. In fact, on this basis, we can see that the period of return of

Figure 9. Mapping drought parameters by VHI.
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wet years such as 1981, 1991, 1998, 1999 and 2005 is very variable from one decade
to the next. The first decade of the time series (1981 to 19990) had only one wet
year, while the decade 1990 to 2000 had five wet years.

Figure 11. Variability of MDCI_RF compared to VHI and NVSWI indices between 1981-2021.

Figure 10. Spatiotemporal dynamics of water stress by the NVSWI.
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3.5.4. Statistical validation of the multivariate model for drought monitoring
The multivariate composite model for monitoring drought conditions (MDCI) shows
a highly significant statistical relationship with the other indicators (Figure 12). Its
correlation with the VHI vegetation health index is the highest at 0.95 with VHI and
a p value < 2.2e-16. Similarly, the MDCI has a correlation of 0.94 and one with the
water stress index (NVSWI). However, the correlative relationship between the VHI
and NVSWI is 0.89, which is much lower than those between the MDCI and VHI
and NVSWI. These statistics illustrate the synchronous chronological evolution men-
tioned above by the figure of the evolution of temporal coherences. In general, com-
pared to the indices, the MDCI is distinguished by the best correlative compromise
with 10 biophysical indicators.

3.5.5. Comparison of MDCI and PCA, NVSWI and VHI trend magnitude
In addition to the dynamic mapping of drought parameters, the magnitude of the
trends of significant changes in the reference indices and the PCA were compared
with that of the MDCI model over the period 1981 to 2021. Based on the obtained
result (Figure 13), we can see a very significant agreement between the trend magni-
tude of the MDCI and that of the VHI. Similarly, a very high agreement is observed
between the trend magnitude of the PCA and the NVSWI. Overall, on the four maps,
the highest agreement is observed for areas marked by trends of little or no signifi-
cant change (green colors in the legend).

Figure 12. Correlative and linear regression relationships between MDCI and indices.
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3.5.6. MDCI performance statistics vs. the SPI index, PDSI and CWDI
Figure 14 shows the comparative statistical relationships at the seasonal scale (seven
months) between the MDCI_RF model and SPI, PDSI, CWDI, NVSWI, and VHI.
The results show that MDCI_RF is statistically highly correlated with the Palmer
drought severity index (PDSI) better than with the standardized precipitation index
(SPI) and the climate water deficit index (CWDI). However, the correlative relation-
ships of the MDCI_RF with the bivariate biophysical indices (VHI) and NVSWI are
better than those with the hydroclimatic indices (SPI, PDSI, CWDI). Similarly, it was
observed that the seasonal mean values for MDCI_RF are significantly better corre-
lated with SPI �12 than with SPI and NVSWI. The p values between the MDCI and
the SPI of the Niamey station and the Dori station in northern Burkina Faso are stat-
istically very significant. They are between 3.531e-05 and 6.137e-06 with correlations
that vary between 0.6 and 0.64. These values are slightly better when considering the
average cumulative precipitation of two stations over the period 1981 to 2021. In
view of the geographical extent of the basin, this suggests that by considering more

Figure 13. Comparison of classes of significant change trends in the dynamics of drought 1981-
2021 between MDCI and PCA, NVSWI, and VHI.
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stations better distributed throughout the basin, strong correlations are established
between the MDCI_RF model and the meteorological drought indices.

3.5.7. Proportional occurrences of drought intensity MDCI vs PCA
The comparative analysis of proportional occurrences of the three levels of drought
intensity according to the result of the MDCI model and the PCA (Figure 15) shows
a good consistency in the interannual evolution of drought intensity in the watershed.

Figure 15. Comparison of proportional occurrences of drought intensity MDCI and PCA.

Figure 14. Statistical relationships between MDCI_RF and CWDI, PDSI, VHI, NVSWI and SPI on a
12-month scale for the Niamey (Niger) and Dori (Burkina Fasso) stations.
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Unquestionably, both results indicate that the decade from 1981 to 1990 is the driest
and the last decade is the least dry in the Central Sahel region. Between the two very
contrasting periods, the occurrence of moderate drought conditions was largely dom-
inant over the period 1988 to 2010. The proportional occurrence of extreme condi-
tions shows a significant downward trend. This downward trend in the intensity of
drought in the central Sahel zone is linked to the increase in rainfall in this zone.
Indeed, unlike other regions of Africa, notably East Africa and the Mediterranean
basin, in West Africa, several studies have highlighted a factual trend of humidifica-
tion over the last two decades (San Emeterio et al. 2012; Panthou et al. 2014; West
et al. 2017; Chen et al. 2020; Porkka et al. 2021). Studies such as Biasutti (2019) sug-
gest an increase in rainfall in the central and eastern Sahel and a decrease in the
more western regions. These findings corroborate the historical dynamics of agricul-
tural drought parameters extracted from the seasonal variability of the developed
MDCI model.

3.5.8. Temporal variability of MDCI models and grain yield anomalies
The interannual variability of the time series of the seasonal mean values of the
MDCI models accurately reflects that of the anomalies in yields per hectare over the
period 1981 to 2018 (Figure 16). This result makes it easy to identify the number of
wet, deficit, and excess years. Thus, these time series show 13 years in deficit, and
unsurprisingly, 1984 corresponds to the minimum peak. There are 17 excess wet
years, and the rest of the series are normal years. The other characteristic that should
be highlighted is the succession of years that are distinguished by their low variability
(1990 to 1997, 1985 and 1986) and years (1998 and 1999).

4. Discussions

Over the past two decades, from multisensor remote sensing and machine learning
techniques, several approaches have been devoted to the development of many com-
posite indices. However, it should be noted that most of these composite models have
been developed over short periods that do not allow a climate study of drought
parameters in the agricultural sense. In general, the composite analyses hitherto estab-
lished are limited to short time series that cover periods of 10, 15 to 20 years (Feng

Figure 16. MDCI interannual variability correspondence and crop yield anomalies.

32 I. HANADÉ HOUMMA ET AL.



et al. 2019; Guo et al. 2019; Ali et al. 2022). Studies such as those by Vicente-Serrano
et al. (2015) established the possible influence of drought trends on the SPEI index
over a relatively long period of time from 1981 to 2011 without a multivariate model-
ing approach to drought conditions being provided. Drought conditions have been
reduced to NDVI anomalies.

Climate and composite studies of agricultural drought by remote sensing remain
the only effective way to extract spatiotemporal trends from all drought parameters
over large areas. This study proposes a composite and multivariate approach over
40 years to trace the spatiotemporal footprint of historical droughts in the Central
Sahel area. Such an approach makes it possible to establish climatic analyses of all
drought parameters (occurrence, duration, severity, cessation, and intensity). The
approach, therefore, provides a better understanding of the historical dynamics of
water stress in the central Sahel area and provides the necessary basis for predictive
modeling of agricultural drought parameters. The multivariate composite model for
drought monitoring (MDCI) developed has a very high adequacy with the Vegetation
Health Index (VHI) and the Crop Water Supply Index (NVSWI). This performance
is comparable to that of many other composite models developed, including the com-
posite model developed by Mansour Badamassi et al. (2020) and the composite model
for drought monitoring proposed by Han et al. (2019) in Shaanxi Province, China.
The correlative relationship of the ADCI with the VHI at the seasonal scale is 0.62,
slightly lower than that of the MDCI, and the VHI is 0.95.

This correlative difference can be understood by the fact that MDCI was devel-
oped from machine learning models for variable weighting, while ADCI is an
approach based on principal component analysis. The other strength of the MDCI
is that it incorporates for the first time in its configuration a new index that can
incorporate the specific sensitivity of each agrosystem and the cumulative effect of
previous droughts called the normalized rainfall efficiency index (NRUE). This
index is based on the principle of rainfall efficiency coefficient. The only difference
is that in place and instead of NDVI or primary productivity, we tested several
combinations of several variables, and the ratio between VCI and precipitation was
found to be the most relevant and comparable to other biophysical indices. This
approach made it possible to integrate the efficiency of the latter into the model in
addition to the precipitation component. The efficiency of rainfall is closely related
to previous and environmental conditions. The proposed normalized rainfall effi-
ciency index proved particularly useful in multivariate modeling of agricultural
drought parameters with an explanatory score of 23% compared to the climate
component of the model, which is 20% by machine learning. Furthermore, it
should be noted that the MDCI_RF was statistically validated by considering auxil-
iary hydroclimatic indices (SPI, PDSI, CWDI) that are not included in the MDCI_
RF model development process. The temporal variability of MDCI_RF was very
strongly correlated and statistically significant with that of the commonly used
remote sensing drought indices VHI and NVSWI (R> 0.9 and p value < 2.2e-16)
as well as with the hydroclimatic indices SPI, PDSI, and CDWI with an R between
0.6 and 0.85 and a p value < 5.8e-10. This ensures its reliability as a new multi-
variate model for agricultural drought monitoring.
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In addition, the results of the multivariate mapping of the composite model devel-
oped corroborate the results of numerous studies on drought in the Central Sahel
region (West et al. 2017; Chen et al. 2020). The driest decade in the Sahel’s climate
history was highlighted, as were the impacts of the memorial droughts of 1984, 1985
and 1987. The composite approach has proven to be very useful in minimizing the
effect of differences in data quality due to the use of multisensor time series.
However, the MDCI was developed from global low-resolution spatial experimental
data. Landsat, MODIS, and sentinel data can be used for the full evaluation of the
MDCI model.

5. Limitations and future scope

In this research, a new approach for multivariate modeling of agricultural drought
parameters of agrosystems in the central Sahel was proposed. Although it is widely
accepted in the scientific literature that multivariate models are better suited to cap-
ture the spatiotemporal and multifactorial complexity of drought, we recognize here
some limitations and sources of inaccuracies that can affect MDCI_RF performance.
The MDCI was built by considering the history of multisensor biophysical variables.
This results in several levels of data qualities of the time series of biophysical varia-
bles. For example, the MDCI was developed over the period 1981 to 2021, yet the
quality of the time series data of the input variables over the period 1981 to 2013 of
the NOAA AVHRR sensor was found to be different from that of the last period
2014 to 2021 covered by the VIIRS sensor. Thus, despite the very promising perform-
ance of the MDCI model potentially due to the addition of the NRUE variable com-
pared to traditional indices, the quality of the experimental database (NOAA/VIIRS)
used seems to have a reducing effect on the actual performance of the MDCI model.
Despite data quality improvement treatments and variable normalization, these differ-
ences in different data quality levels are a potential source of imprecision. In addition,
resampling data at 250m resolution can add an additional bias to data quality. To
assess the effectiveness of the MDCI model, it is necessary to test this approach on
better quality data by exploring the contribution of spatiotemporal fusion of MODIS
data with Sentinel-2 and Landsat data. Furthermore, it should be noted that the
MDCI_RF does not include variables that provide information on the hydrological
dimension of drought, namely, subsurface moisture and evapotranspiration informa-
tion. However, the integration of hydrological drought variables and physiographic
sensitivity factors, including the soil quality index and topographic factors, into the
current MDCI_RF configuration could be beneficial for improving model perform-
ance. In this regard, GRACE’s groundwater storage anomaly products and soil mois-
ture from DInSAR (differential interferometric synthetic aperture radar)
measurements need to be studied.

In other words, in the development of the MDCI_RF, the contributions (weights)
of the different components of the model were calculated in relation to the interan-
nual variability of cereal yields at the national level. However, in addition to climatic
water stress, several other factors can affect yields per hectare. To circumvent this
limitation, future studies can explore the use of in situ measurements of critical
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variables such as soil moisture measurements in rainfed agrosystems or climate water
deficit to determine the relative contributions of each component of the MDCI_RF
model. However, despite these sources of potential uncertainties, the results of the
model validation MDCI_RF by several other independent indices, including its statis-
tically significantly removed relationship with the Palmer Severity Index (PDSI), sup-
port its performance as a new multivariate index for drought monitoring.

6. Conclusion

This study proposes a multivariate composite index for monitoring agricultural
drought. The Multivariate Drought Composite Index (MDCI) has effectively captured
the climate dynamics footprint of the parameters (occurrence, duration, intensity, and
aggravation) of drought in the central Sahel River basin. The multivariate composite
model for drought monitoring (MDCI) developed has very high adequacy with the
vegetation health index (VHI) and the normalized vegetation supply water index
(NVSWI). The coefficients of determination are R2 ¼ 0.91 and R2 ¼ 0.88, respect-
ively. The validation of the MDCI model shows a statistically significant relationship
with the annual SPI. The values of the p value with the SPI are between 3.531e-05
and 6.137e-06 with correlations that vary between 0.6 and 0.64 depending on the sta-
tion. The statistical relationship between MDCI and SPI-12 is significantly higher
than that observed between IPS and VHI and NVSWI. In addition, MDCI_RF was
found to be highly correlated with the Palmer drought severity index (PDSI) and cli-
matic water deficit index, with R¼ 0.85 and p value < 5.8e-10 and R¼ 0.72 and p
value < 1.9e-6, respectively. This suggests that the random forest model used have
made it possible to effectively incorporate the historical spatiotemporal variability of
anomalies of several factors related to the development and worsening of agricultural
drought in the agrosystems of the central Sahel. The results of the index related to
environmental conditions developed, were found to be comparable to other biophys-
ical indices with an explanatory score of 23% slightly higher than the climate compo-
nent of the model (PCI), which stands at 20%. The MDCI and NRUE were
developed for the semiarid Sahelian tropical context to test and evaluate the applic-
ability of this approach in other regions with different agroclimatic characteristics.
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