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Abstract
Due to the lack of studies on drought in the Lower Sebou basin (LSB), the complexity of
drought phenomena and the difference in climatic conditions. Therefore, identifying the most
appropriate drought indices (DIs) to assess drought conditions has become a priority. Therefore,
evaluating the performance of different (DIs) was considered to identify the universal drought
indices well adapted to the LSB. Based on data availability, five DIs were used: Standardized
Precipitation Index (SPI), Standardized Precipitation and Evapotranspiration Index (SPEI),
Reconnaissance Drought Index (RDI), self-calibrated Palmer Drought Severity Index (scPDSI) and Streamflow Drought Index (SDI). The DIs were calculated on an annual scale using
monthly time series of precipitation, temperature, and river flow from 1984-2016.
Thornthwaite's method was used to calculate potential evapotranspiration (PET). In addition,
Pearson's correlation (r) was analyzed. In addition, data on the yield of durum wheat, soft wheat,
and barley for the period 2000-2016 also contributed to the performance evaluation of these
indices. The results proved that SPI is suitable for detecting the drought duration and intensity
compared to other indices with high correlation coefficients, especially in sub-humid regions,
knowing that it tends to give more humid results in stations with semi-arid climates. The multiscalar indices (SPI, SPEI, and RDI) follow the same trend during the period studied. However,
sc-PDSI appears to be the most sensitive to temperature and precipitation by overestimating the
drought conditions. In addition, yield/drought correlations tend to be higher for multi-scalar
indices than for sc-PDSI. At the same time, slight differences were detected between SPI and
SPEI in the performance of agricultural systems. Our results suggest that using multi-scalar
indices in drought monitoring and assessment is necessary to have solid conclusions.
Keywords: Agricultural system; drought conditions; LSB; Morocco; multi-scalar indices.
1. Introduction
Drought is one of the most complex and damaging extreme weather events (Scheff, 2019). It is
also considered the least understood of all-natural hazards affecting various environmental
systems (Vicente-Serrano et al., 2020). Consequently, there is no universal approach to define,
monitor, and quantify its severity and duration (Yihdego et al., 2019) due to its complex spatialtemporal extent and the complex atmospheric and hydrological mechanisms that determine
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water availability (Deb et al., 2019). The diversity of drought definitions and the need for long
homogeneous climatological series make it difficult to precisely quantify the evolution of these
phenomena' frequency and intensity since the beginning of the 20th century (Euzen et al.,
2013). Overall, drought is defined as an occurrence caused by below-normal rainfall over an
extended period (Swain et al., 2017) and generally precedes other drought categories. As a
result, its accurate assessment and prediction provide valuable information to water resource
planners and policymakers (Amiri et al., 2018). According to a numerical standard, the drought
can be described by its intensity, location, duration, and timing of onset so that drought
measurements can be compared across regions and past drought events. For this purpose,
various indices and indicators such as meteorological, hydrological, and biophysical parameters
have been developed to monitor and assess drought. According to the World Meteorological
Organization (WMO & GWP, 2016), drought indices are subdivided into four categories:
meteorological, hydrological, agricultural, and socio-economic, each of which could detect
different types of drought. Popular meteorological drought indices are numerous and include;
Standardized Precipitation Index (SPI; McKee & John, 1993), self-calibrated Palmer Drought
Index (sc-PDSI; Wells et al., 2004), Standardized Precipitation and Evapotranspiration Index
(SPEI; Vicente-Serrano et al., 2010) and the Reconnaissance Drought Index (RDI; Tsakiris &
Vangelis, 2005); while hydrology-related indices include the Surface Water Supply Index
(SWSI; Shafer & Dezman, 1982) and Streamflow Drought Index (SDI; Nalbantis & Tsakiris,
2009), and agriculture-related indices include the Crop Moisture Index (CMI; Palmer, 1968)
and Soil Moisture Deficit Index (SMDI; Narasimhan & Srinivasan, 2005). Many assessment
methods that have been developed over the last century use new technology tools such as
remote sensing (RS) and geographic information system (GIS) (Al Jassar & Rao, 2015;
Mohammed, 2021), each with its advantages and limitations. They include indices calculated
from reflectance via sensors onboard satellites or drones, such as the Normalized Difference
Vegetation Index (NDVI; Kogan, 1995) and the Vegetation Condition Index (VCI; Kogan,
1995b). These indices provide a high-resolution measure of vegetation condition and
temperature (Bouras et al., 2020) despite the difficulties created during the monsoon seasons
(cloud cover). Nevertheless, an index of a drought particular to a given region may not be
applied in other areas, given the watersheds' differences in climatic conditions and
characteristics (Yang et al., 2017). As a result, many studies have been conducted at different
scales worldwide to compare and search for the most appropriate drought index for a given
region or basin (Bayissa et al., 2018; Ballah et al., 2021). In Morocco, like the countries of
North Africa, drought frequency and severity have been marked during the last decades
(Driouech et al., 2021). From a historical point of view, dendrochronological studies have
shown that Morocco has experienced over ten centuries (from 1000 to 1984), 146 dry years, or
one year in 6 to 7 years (Stockton, 1985). However, few studies have been reported so far (EdDaoudi, 2014; Acharki et al., 2019), especially in the Lower Sebou basin (LSB), where the
present study is pioneering. Moreover, these earlier studies ignored indices based on
evapotranspiration such as RDI, SPEI, and sc-PDSI, knowing that evapotranspiration leads to
significant losses of water resources, especially in semi-arid regions. The present study carried
out in the Bas Sebou basin (LSB) located in the North-West of Morocco, dominated by the
large agrarian plain (Gharb plain) and therefore playing a key role in food security, aims at
assessing the agro-meteorological drought by different indices by comparing their performance
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during historical droughts and their response in terms of crop yields to identify the most
appropriate drought indices for the LSB.
2. Materials and methods
2.1 Study area
The LSB is located in a climate favorable to agriculture, marked by disturbances that
characterize Mediterranean climates. Because it contains meadows and marshes, allowing the
installation of fertile and arable land, it can be considered one of Morocco's most prominent
agricultural areas. Indeed, the LSB has a sub-humid Mediterranean climate with an oceanic
influence, particularly in the western part and semi-arid in the interior (Figure 1. a). Rainfall
exceeds 500mm per year in most of the basin, and average temperatures oscillate around 19°C
(Table 1). From the point of view of soil cover, the soils in the LSB are diversified, comprising
mainly alluvium with clay content ranging from 15% to 55%. These soils are dominated by
Tirs, which cover 42% of the area (clayey, allowing slow infiltration of water in depth and
favoring the installation of cereal and legume crops), and Dehs (sandy-clay soils) covers 29%
of the area. Soils formed by sands occupy 24 % of the area dominated by traditional crops
(barley and rye) (Figure 1. c). Therefore, the high rainfall and the importance of the basin's
water and biophysical resources, which make it a magnet for large-scale agricultural
investments, may lead to a high degree of overexploitation of its resources and consequently
make it vulnerable and susceptible to droughts in the future.

Fig. 1. Geographical location of the Lower Sebou basin (LSB) (a); spatial distribution of
meteorological stations and climate regions (b); and types of soils (c).
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2.2 Data and preprocessing
The monthly time series of precipitation, temperatures (4 stations), and stream flows (2 stations)
provided by the Sebou Hydraulic Basin Agency (SHBA) for the period 1984-2016 were used
and distributed uniformly over the entire LSB (Figure 1). The characteristics of these stations
are shown in Table 1. In addition, data on annual production (tonne, t) and harvested area
(hectares, ha) of durum wheat, soft wheat, and barley were acquired from the statistical services
of the Ministry of Agriculture. As a result, the time series of rainfed cereal yields in tonne per
hectare (t.ha-1) represent the ratio between annual production (t) and harvested area (ha) during
the period 2000-2016 for each province of the LSB (Sidi Kacem and Kenitra).
Table 1. Characteristics of synoptic stations in the LSB and average annual precipitation,
potential evapotranspiration (PET), and climatic conditions.

Stations

Station type

Rainfall
(mm/year)

PET
Climate
(mm/year) condition

Mechra Bel
Ksiri

Meteorological,
gauge
Meteorological,
gauge

Mnasra

Meteorological

567

1239,5

Zirara

Meteorological

387

1480

Lalla Mimouna

Geographical
coordinates
Lng
Lat
Z
(°W)
(°N) (m)

574,7

1157,5

Sub
humid

6.11

34.85

15

515

1441,4

Semi-arid

5.96

34.57

24

6.48

34.46

10

5.74

34.24

55

Sub
humid
Semi-arid

Note: PET: Potential evapotranspiration calculated based on the Thornthwaite equation; Lng:
longitude; Lat: latitude; Z: altitude in meters.
2.3

Selection of drought indices (DIs)

Drought assessment requires different approaches: a perception/observation-based approach,
an approach based on remote sensing data, a model-based approach, and an approach based on
in-situ data (hydro-meteorological/climatic). This set of approaches is generally always
accompanied by several indicators and indices essential to assess and monitor the different
types of drought and the aspect of the hydrological cycle. More than 150 applied drought indices
(DIs) and indicators worldwide. About 40 are commonly used to monitor spatial and temporal
variability in drought-prone regions (WMO & GWP, 2016). However, in the absence of a
universal definition for drought, no single index can meet the objectives of this study under
different global climates.
In general, in situ data approach offers direct and simple methods for monitoring the onset,
spread, and intensity of droughts (Senay et al., 2015). According to national and international
studies on the robustness and weakness of drought indices (Ezzine et al., 2014; WMO & GWP,
2016), the indices used are the Standardized Precipitation Index (SPI), the Standardized
Precipitation Evapotranspiration Index (SPEI), the Reconnaissance Drought Index (RDI) and
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the self-calibrating Palmer Drought Severity Index (sc-PDSI). It should also be pointed out that
the RDI, SPEI, and sc-PDSI are being used for the first time in the LSB and that the Streamflow
Drought Index (SDI) is selected as the hydrological drought index.
2.4

Calculation of drought indices (DIS)

The DIs chosen are characterized by their specificity and complexity of calculation. Except for
SPI, they integrate different water balance components based only on cumulative precipitation.
Their calculation could be performed on time scales of 1, 3, 6, 9, and 12 months, except for scPDSI, which has a flexible but almost annual timescale (Zhong et al., 2020). From this defect,
sc-PDSI cannot identify both shorter and longer droughts (Vicente-Serrano et al., 2010). In
addition, many studies have shown that multi-scalar DIs such as SPI, SPEI, and RDI correlate
well with sc-PDSI on a time scale of around 12 months (Vicente-Serrano et al., 2015; MAF &
GDWM, 2018). Hence, the study focused on the variation in drought characteristics over a
longer time scale (12 months), as reflected by sc-PDSI, SPI-12, SPEI-12, and RDI-12.
For the normalization of DIs, a two-parameter gamma distribution for SPI and RDI and a
three-parameter log-logistic distribution for SPEI were chosen (Table 2). For greater precision,
the calculation of SPEI (Equation 2) and sc-PDSI require the estimation method of potential
evapotranspiration (PET), while that of RDI does not depend on it (Vangelis et al., 2013). The
use of the Thornthwaite method in the case of SPEI and sc-PDSI is recommended in several
works (Dai, 2011).
Table 2. Fitting variables and probability distribution were selected for
SPI, SPEI, RDI, and SDI.
Drought index

Variables

1. Standardized Precipitation Index (SPI)
P
2. Standardized Precipitation Evapotranspiration Index
P, T
(SPEI)
3. Reconnaissance Drought Index (RDI)
P, T
4. self-calibrating Palmer Drought Severity Index (scP, T, AWC
PDSI)
5. Streamflow Drought Index (SDI)
Streamflow

Chosen probability
distribution
Gamma
Log-Logistic (3
parameters)
Gamma
(-)
Log-normal

Note: T: monthly mean air temperature; P: monthly accumulated rainfall; AWC: available
water capacity.
Standardized Precipitation Index (SPI): This index is based on historical rainfall records at a
given location (McKee et al., 1993) to calculate the probability of rainfall at any time scale
between 1 and 48 months. This study uses the SPI Generator application available at the
National Drought Mitigation Center maintained by the University of Nebraska to calculate SPI
values. Negative and positive values indicate dry and wet conditions, respectively. The drought
intensity category ranges from greater than 2.0 (Extremely wet) to less than -2.0 (Extremely
dry) (Table 3).
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SPI =

!"#!$
%

(1)

With Pi: the rain of month or year i; Pm: the average rain of the series; S: the standard
deviation of the series on the considered time scale. A gamma distribution was used to
overcome the constraint of rainfall that is not normally distributed during the year.
Standardized Precipitation Evapotranspiration Index (SPEI): is an index that was developed by
Vicente-Serrano et al., (2010) at the Pirenaico Institute of Ecology in Zaragoza (Spain); this
relatively recent index is based on the monthly difference between rainfall and potential
evapotranspiration (PET) calculated according to the Thornthwaite’s method (Thornthwaite,
1948). It also uses the same drought category as SPI (Table 3), and its calculation requires the
R package "SPEI" (Beguería & Vicente-Serrano, 2009).
The difference between cumulative monthly rainfall and evapotranspiration is calculated
as follows:
D" = P" − PET"
(2)
Di values are aggregated at different time scales, following the same procedure as for
SPI. The annual drought levels for each SPEI range are given in Table 3.
Reconnaissance Drought Index (RDI): This index is the result of work undertaken by Tsakiris
& Vangelis (2005) at the National Technical University of Athens (Greece); it contains both a
simplified water balance equation that takes into account rainfall and potential
evapotranspiration (PET). Its product is estimated by three values: the initial value, the
standardized value, and the normalized value. The normalized value is similar to the SPI and
can be directly compared to it over several periods of 1, 3, 6, 9, 12, or more months.
The initial value of the index for a given period, indicated by the number of months (k)
in a year, is calculated using the following equation:
∑ᴶ˭ᵏ!ᵢ

DI = ∑!+,ᵢ

(3)

Pi and PETi are the monthly precipitation and potential evapotranspiration of a
hydrologic year that generally begins in October (Morocco). RDI values follow the log-normal
or gamma distribution. This ratio is normalized similarly to the equations used to normalize the
SPI to obtain the RDI values.
Streamflow Drought Index (SDI): The calculations of this index established by Nalbanties &
Tsakiris (2009) are made using the monthly values of streamflow and the normalization
methods used for the SPI to produce a drought index according to streamflow. RDI and SDI
were calculated using software named DrinC (Tigkas et al., 2015), developed by the Water
Resources Rehabilitation and Management Laboratory of the National Technical University of
Athens.
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It has been suggested that a time series of monthly discharge volumes Qi, j denotes the
hydrologic year and j the month of the hydrologic year (j=1 for October and j=12 for September)
based on this series.
V",. = *

0.
/12

Q ",/ i = 1,2, … k = 1,2,3,4

(4)

Where Vi, k is the cumulative volume of discharge for the ith hydrologic year and the kth
reference period.
SDI index is defined for each reference period k of the ith hydrological year as follows:
SDI",. =

4444
3!,# #3
#

(5)

%#

𝑉5 and Sk are, respectively, the average and the standard deviation of cumulative
Where 555
discharge volumes of the reference period (k), SDI values, and severity designations are similar
to SPI, RDI, and SPEI (Table 3).
Self-calibrating Palmer Drought Severity Index (sc-PDSI): Initially, the proposed Palmer
Drought Severity Index (PDSI) was a drought index based on semi-physical data (Palmer,
1965). It integrates the soil water balance from a simple soil moisture model. Afterward, the
PDSI algorithm was modified by Wells et al. (2004) in the self-calibrated Palmer Drought
Severity Index (sc-PDSI). This index could automatically adjust the empirical constants in the
PDSI calculation with dynamically calculated values. The computational function of sc-PDSI
is based on C ++ source codes developed by the Risk Management Agency (AGR) and the
University of Nebraska as part of the Greenleaf project (http://greenleaf.unl.edu). More detailed
algorithms and calculation procedures are available (Wells et al., 2004).
The sc-PDSI index is calculated from the time series of monthly rainfall and temperature
and fixed parameters related to soil or surface characteristics at each location. The sc-PDSI
values are divided into nine categories ranging from -4 (dry) to 4 (wet), using a comprehensive
classification based on the severity of dry or wet conditions (Table 3).
Table 3. Wet/Dry classification of DIs.
Class
Extremely Wet (E. W)
Severe Wet (S. W)
Moderately Wet (M. W)
Normal (N)
Moderately Dry (Mo. D)
Severely dry (S. D)
Extremely Dry (E. D)

SPI, SPEI, DRI and
SDI Value
≥2
1.5 to 1.99
1.0 to 1.49
0.99 to -0.99
-1 to -1.49
-1.5 to -1.99
≤ -2
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Class

sc-PDSI value

Extremely Wet (E. W)
Severe Wet (S. W)
Moderately Wet (Mo. W)
Mild Wet (Mi. W)
Incipient Wet (I. W)
Normal (N)
Incipient Dry (I. D)

≥4
3 to 3,99
2 to 2,99
1 to 1,99
0,5 to 0,99
0,49 to -0,49
-0,50 to -0,99

Mild Dry (MiD)
Moderately Dry (M. D)
Severely dry (S. D)
Extremely Dry (E. D)

-1 to -1,99
-2 to -2,99
-3 to -3,99
≤ -4
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2.5

Evaluation of drought indices (DIS)

Given the vast number of DIs developed and the efforts of scientific committees, it is also
essential to consider the practical application as each index has its own limits, calculates
drought differently, and compares several indices using the same regional data. To assess the
performance of DIs used, statistical relationships were first calculated to provide useful
diagnostics in the performance assessment. Consequently, the analyses were carried out as
follows: (i) time series analysis to assess the Spatio-temporal distribution of meteorological
drought; (ii) Pearson (R) correlation analysis between SPI-12, SPEI-12, RDI-12, and sc-PDSI;
(iii) comparison of identified drought characteristics and (iv) comparison of DIs during major
historical drought episodes. Knowing that drought is one of the significant abiotic stresses
affecting grain yield and quality (Pervez et al., 2017), the last step (v) is focused on the
performance of the various drought indices (DIs) in assessing the impact of climate on crops,
using rainfed cereal yield data, to reflect the capabilities of each index in monitoring agricultural
drought. Pearson (R) correlation analysis was also used to examine the relationship between
drought indices and crop yields. In the analysis, anomalies in grain yield were calculated by
removing the linear trend from the crop yield time series to exclude non-climatic factors.
Variations in crop yields usually depend on several factors in addition to climatic ones, such as
new management technologies and innovative practices. Therefore, the detrended yield was
calculated using the Z-score method to exclude the bias due to non-climatic factors. (Bouras et
al., 2020).
3. Results and discussion
3.1

Spatiotemporal distribution of drought episodes

Four DIs were calculated to evaluate the Spatio-temporal distribution of meteorological drought
at each station of LSB. The results obtained showed different intensities and episodes of the
drought sequences, even during the same year and the same period of time. Then, Pearson
correlation coefficients (R) were derived from time series values of DIs for all stations. Each
station is associated with all other stations, forming a 4 x 4 correlation coefficient matrix.
3.1.1 Spatiotemporal distribution of SPI
The SPI-12 values across the stations show a single drought intensity with uniform drought
episodes (Figure 2). At Lalla Mimouna station, 2016 was the driest year with extreme drought
episodes. Episodes of drought during 1995, 2005, and 2016 at the various stations were
observed. 2005 and 2016 were marked by severe to extreme droughts in Lalla Mimouna station,
while Mnasra station recorded relatively low intensities, even though the two stations are
located in the coastal zone. In the case of the stations located inside the LSB, Zirara station
experienced episodes of extreme drought in 1995, while Mechra Bel Ksiri station experienced
a severe drought in 2016. In general, all stations have shown SPI-12 values indicating identical
drought years with a strong correlation between them (0.76 ≤ r ≤ 0.92) due to the high
homogeneity of precipitation in the LSB and the dominance of the oceanic climate influenced
by local topography.
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Fig. 2. Spatiotemporal distribution of SPI-12 in the LSB and correlation matrix of SPI-12
between the different stations: (a) Lalla Mimouna, (b) Mechra Bel Ksiri, (c) Mnasra, (d)
Zirrara.
3.1.2

Spatiotemporal distribution of SPEI

Figure 3 shows that the Spatio-temporal distribution of SPEI-12 values reflects a very distinct
heterogeneity, reflected by a very weak correlation between the Lalla Mimouna station and
Mnasra station (r = 0.48). The majority of SPEI-12’s values show that the LSB has experienced
extreme to severe droughts, especially during 2006 and 2016, given that 2016 was the driest
year in 33 years, marked by the influence of a strong El Niño (WMO, 2017). SPEI-12 shows
the prevalence of extreme droughts in 1995, 2006, and 2016 at Mechra Bel Ksiri station,
followed by severe droughts at Mnasra station, and moderate droughts are very frequent at
Zirara station. However, Lalla Mimouna station has experienced severe to extreme droughts
during the last decade and longer duration. Regarding the recorded wet years, Lalla Mimouna
and Zirara stations recorded frequent wet years, while the other stations are marked by a single
extremely wet period between 2009 and 2011.
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Fig. 3. Spatiotemporal distribution of SPEI-12 in the LSB and correlation matrix of SPEI-12
between the different stations: (a) Lalla Mimouna, (b) Mechra Bel Ksiri, (c) Mnasra, (d)
Zirrara.
3.1.3

Spatiotemporal distribution of RDI

The spatiotemporal variation of RDI-12 in the LSB (Figure 4) shows that the year 2016 had the
maximum severity (-3.44), indicating an extreme drought followed by the year 2005 (-2.76).
Mechra Bel Ksiri station had only one extremely wet and long period between 2009 and 2011.
RDI-12 values show an abundance of moderate droughts at Mechra Bel Ksiri station, except
for a single extreme drought in 2016. Mnasra and Zirara stations have comparatively more dry
years than the other stations, especially Mechra Bel Ksiri station, where the magnitude of
drought is more important during the last years. Figure 4 also shows generalized droughts
produced during 1995, 2006, and 2016. However, the events occurred during apparently
random years with low correlation coefficients (0.62 ≤ r ≤ 0.87) compared to SPI-12.
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Fig. 4. Spatiotemporal distribution of RDI-12 in the LSB and correlation matrix of RDI-12
between the different stations: (a) Lalla Mimouna, (b) Mechra Bel Ksiri, (c) Mnasra, (d)
Zirrara.
3.1.4 Spatiotemporal distribution of sc-PDSI
Unlike the other indices the abundance of drought episodes is well marked in all stations with
very wide severities (Figure 5), probably due to algorithms incorporating more biophysical
factors to calculate sc-PDSI (Abrantes et al., 2021). In addition, the evolution of sc-PDSI during
the period 1984-2016 revealed new episodes of drought, sometimes of long duration,
particularly in the periods 1985-1988, 1992-1995, 1998-2002, 2005-2008, and 2012-2016. It is
also interesting to note that the Lalla Mimouna station showed relative humidity even during
the periods of drought recorded by the other stations. However, since 2012, the rainfall has been
reduced, and ETP has increased due to increased temperature. Thus, the severity and duration
of induced drought overestimated by sc-PDSI results in station-to-station variation in drought
episodes' intensity, severity, and duration. These episodes are almost similar in the stations
except Lalla Mimouna station, which showed relatively weakest correlation coefficients,
compared to the other stations (0.42 ≤ r ≤ 0.45). This difference could be explained by the
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difference in latitudinal position between the Lalla Mimouna station and the other stations on
the one hand. On the other hand, the presence of dense forests maintains the water retention
capacity of the soils (Xing et al., 2018). The highest correlation (r = 0.79) is recorded between
the two stations (Mechra Bel Ksiri and Zirara), which are on the inland side of the basin (degree
of continentality).

Fig. 5. Spatiotemporal distribution of sc-PDSI-12 in the LSB and correlation matrix of
sc-PDSI-12 between the different stations: (a) Lalla Mimouna, (b) Mechra Bel Ksiri, (c)
Mnasra, (d) Zirrara.
3.2

Correlation between different drought indices (DIS)

The Pearson correlation’s values (R) were obtained by comparing the outputs of the different
stations and taken as references for discussion. Figure 6 clearly illustrates the importance of
SPI-12 and RDI-12 indices in the different stations of the LSB, where the results obtained show
a generally similar behavior (Figure 1, 4). This similarity of outputs between SPI and RDI
indices is not unique in this region (Merabti et al., 2018; Pathak & Dodamani, 2019), and their
correlation coefficients coupled with other indices are comparatively higher (0.77 ≤ r ≤ 0.99)
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(Figure 6). However, in the Mechra Bel Ksiri station, SPI-12 reacted relatively better with other
indices compared to RDI-12. This difference is justified because RDI-12 recorded fewer dry
years at this station than SPI-12, SPEI-12, and sc-PDSI (Figure 4). According to the World
Meteorological Organization (WMO), SPI-12 remains the most recommended index for
drought monitoring. The results obtained from the correlations showed that SPI-12, which
requires rainfall data, can effectively replace RDI-12, SPEI-12, and sc-PDSI because it is
positively correlated with high correlation coefficients up to r = 0.99 and statistically significant
(Figure 6). In most stations, SPI-12 correlates well with SPEI-12 except at station Zirara (r =
0.84) due to the fact that SPI-12 and SPEI-12 work better in humid areas than in arid regions
or semi-arid ones (Yang et al., 2017). However, there is minimal correlation between SPI-12
and sc-PDSI. SPI-12 captures anomalies in the rainfall pattern, while the water balance-based
indices (sc-PDSI, SPEI-12, and RDI-12) estimate anomalies in the climatic water balance. More
specifically, strong consistency is noted between the multi-scalar indices (SPI, RDI, and SPEI)
compared to sc-PDSI. Low correlations were manifested between SPEI-12, RDI-12, and scPDSI compared to SPI-12 in Mechra Bel Ksiri and Zirara stations, knowing that the strongest
correlations were mentioned in the Lalla Mimouna station (Figure 6). These results confirm the
abundance of drought indicated by SPEI-12 and sc-PDSI in the Zirara station due to the semiarid climate (Figure 3, 5), which is why SPI cannot monitor and assess the drought in such a
context (Nikbakht & Hadeli, 2021). However, the inclusion of temperature in the algorithm of
SPEI and sc-PDSI, in particular, does not provide sufficient information for the Lalla Mimouna
station, where temperatures are relatively stationary series. It was also found that SPI has little
difference with sc-PDSI and SPEI when time trends in temperature are evident (VicenteSerrano et al., 2010). Overall, the Spatio-temporal evolution of DIs in the LSB generally follows
a similar change pattern consistent with the results in other regions (Jain et al., 2015; Adnan et
al., 2018).

Fig. 6. Pearson correlation matrix of DIs for all stations of LSB.
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3.3

Assessment of the characteristics of meteorological drought

Considering the duration and severity of drought identified during 1984-2016, categories of dry
months were determined (Table 3, Figure 7), which allowed us to visualize their relative
frequencies in each station (Figure 8). Knowing that the relative frequency indicates the
percentage of each drought severity class according to the index considered.
The DIs used, except sc-PDSI, where the number of dry months is relatively high, showed
an identical number of dry months in all stations (Figure 7). Zirara station received more dry
months than the other stations, especially Lalla Mimouna station. It should be noted that RDI12 shows identical and highest relative frequencies, in particular in the class of moderate
droughts (Mo. D), reaching (97%) at Mechra Bel Ksir station and 92% at Zirara station (Figure
8). RDI is more suitable for the characterization of drought in semi-arid regions (Moghimi et
al., 2020). However, the sc-PDSI index shows relative frequencies of dry months in all
categories and all stations. In addition, according to the indices used, the moderate drought class
is the most dominant in all the stations. Consequently, and based on the results obtained above,
Lalla Mimouna station remains the least subject to drought episodes in connection with its
situation in latitude, which frequently undergoes the passage of cyclonic depressions towards
the North without taking into account its proximity to the coast, knowing that the Mnasra station
despite its coastal location, it recorded drought episodes almost similar to the Zirara station
(Figure 7) (El Jihad et al., 2014).

Fig. 7. Spatial distribution of the number of dry months of stations in LSB: (a) Lalla
Mimouna, (b) Mechra Bel Ksiri, (c) Mnasra, (d) Zirrara, for the period 1984-2016.
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Fig. 8. Histograms of relative frequency of drought classes; ('Extreme Dry (ED)', 'Severe Dry
(SD)', 'Moderate Dry (Mo.D)', 'Mild drought (Mi.D)' and 'Incipient drought (ID)'.) According
to the four indices for the period 1984-2016.
Note: The drought classes (Mild drought (Mi. D) and incipient drought (I. D)) have been
assigned for sc-PDSI.
3.4

Performance of drought indices (DIs)

The performance of DIs in the LSB practically requires the search for a period when the drought
is well defined and recognized. To achieve this, three approaches were implemented, including
the above results, the calculation of the drought index based on streamflow (SDI), and the
climate archives.
According to the High Commission for Planning report, the LSB experienced a severe
drought that lasted from 1991 to 1995, the year of which 1995 was declared to be catastrophic
from an agricultural point of view (Laouina, 2006). This situation is also reflected in surface
water (dams and rivers), accompanied by a deficit of 75% of the average flow of the entire
Sebou watershed (Bzioui, 2004). In terms of the fluvial flow of the LSB, the chronological
series of the stream flows of the main rivers used to determine SDI-12 have also determined
and approved the presence in the two gauging stations of a severe to extreme hydrological
drought (Mechra Bel Ksiri and Lalla Mimouna stations) (Figure 9). In addition, all DIs also
showed severe to extreme drought situations for the same period, 1991-1995 (Figure 2, 3, 4, 5).
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To assess the performance of DIs during historical droughts, time series of indices and
indicators such as temperatures (T) and rainfall (P) from the period 1991-1995 are compared
with those of average monthly temperatures and precipitation for the period 1984-2016. This
operation allowed us to establish the adequacy of each meteorological drought index in
determining the onset, end, and severity of drought. In all stations, the monthly values of
temperatures and precipitations (1991-1995) and the values of the DIs clearly showed that the
deficit of monthly precipitations is lower than the average (Figure 10). SPI-12, SPEI-12, and
RDI-12 have the same trend and a good correlation (Figure 6), particularly at the Lalla
Mimouna station (January 1991 until September 1992), despite the significant precipitation and
evapotranspiration showing the effect of precipitation anomalies on evapotranspiration.
Therefore, SPEI-12 and RDI-12 work similarly to SPI-12, which includes rainfall. The
similarity between SPI-12, RDI-12, and SPEI-12 shows that rainfall is the primary determinant
of meteorological drought in the north of LSB. SPEI-12/RDI-12 at Lalla Mimouna station and
from October 1992 onwards respond to drought less than SPI-12, which marks moderate to
severe droughts. This is due to the calculation of SPI-12 based on precipitation that could
indicate drier situations in sub-humid regions (Lalla Mimouna station) or wetter in the semiarid areas (Zirara station from May 1992 to July 1993). On the other hand, Pathak & Dodamani
(2019) showed that the SPI, RDI, and SPEI indices follow a similar overall behavior in the
semi-arid regions. Figure 10 also shows a very high similarity between SPI-12/RDI-12,
especially at the Zirara station, where they have the highest correlation coefficient (r = 0.99)
(Figure 6). The RDI and SPI indices are most appropriate for the characterization of drought in
arid and semi-arid regions (Xu et al., 2015). The evolution of sc-PDSI differs from station to
station in showing a relatively exaggerated trend during dry and even wet periods, given that
this index takes into account biophysical factors that are dependent on location factors of the
station, unlike other indices which are focused on rainfall and ETP. Through in-depth
observation of the relationship between indicators (T, P) and meteorological DIs, sc-PDSI
appears to be most sensitive to temperatures and precipitation by overestimating drought
conditions (Jiang et al., 2015). It experienced a sharp decline in value after the rainfall deficit
in November 1991 at Lalla Mimouna, Mnasra, and Zirara stations. It should also be noted that
the rainfall deficit was not significant from November 1991 to October and that SPI-12, SPEI12, and RDI-12 indices indicated this period as usual to wet, unlike sc-PDSI, which maintained
its negative values (Figure 10). Similarly, during wet episodes, the sc-PDSI curve shows
upward trends in November 1995 at Lalla Mimouna and Mnasra stations and in June 1995 at
Mechra Bel Ksiri and Zirara stations (Figure 10). Knowing that the sc-PDSI considers the soil's
water retention capacity, which was high during this period, especially in forested areas. The
values indicated by sc-PDSI are the most negative during this year, except for the stations Zirara
and Mechra Bel Ksiri. The month of June recorded significant rainfall of storm origin, which
increased the value of sc-PDSI (Figure 10). Thornthwaite's method overestimates the impact of
temperature on evapotranspiration calculation (Trenberth et al., 2007; Hobbins et al., 2008), as
evidenced by decreased sc-PDSI values. Penman Monteith's equation was not used given the
lack of data on its parameters and the strong correlation and similarity between this method and
the Thornthwaite method globally.
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Fig. 9. Annual change in SDI during the period 1984-2016.

Fig. 10. Time series of 5-year DIs, monthly rainfall, and average rainfall for
1984-2016 at LSB stations.
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Fig. 11. Monthly temperatures for the period 1991-1995 and monthly averages temperatures
for the period 1984-2016 at LSB stations.
3.5

Temporal responses of drought indices (DIs) to crop yields

The applied drought indices (DIs) were evaluated to determine their satisfaction with the good
index criterion and their usefulness in the LSB. The correlation analysis between the detrended
crop yield and the (DIs) was also carried out for the four weather stations for 16 years. It should
be noted that the RDI, SPI, and SPEI graphs were recovered by the maximum correlation
coefficient of 1 to 12 months. Similar to the previous results and independent of the cereal type
and time scale considered, our results showed that the multi-scalar DIs (RDI, SPI, and SPEI)
have a greater ability to reflect the impacts of drought on rainfed cereal yields compared to scPDSI, especially at the beginning of the growing season (October to December) (Figure 12, 13,
14). This is mainly due to their flexibility to reflect the negative impacts of climate on different
regions with very other characteristics (Vicente-Serrano et al., 2011). This difference is
essential in agro-meteorology, as crops do not react in the same way to water deficit. This is
consistent with previous similar studies in various regions that reported that these indices were
effective in monitoring the impacts of drought on agriculture (Mahmoudi et al., 2019; PeñaGallardo et al., 2019; Wable et al., 2019).
However, the sc-PDSI performance evaluation results showed some exceptions during the
intermediate and final growth stages, which is consistent with the critical growth stages of
cereals according to the phenological calendar and may be helpful for monitoring purposes.
This evaluation also found significant differences in the influence of drought conditions on
barley, durum, and soft wheat yields in different months. During the early to mid-growing
season, the correlation coefficients (R) obtained from the multi-scalar indices are mainly around
0.6 from October to April and around 0.4 in May before decreasing to about 0.3 in June (close
to harvest). This is due to the growing cycle of cereals that usually ends in June and the low
moisture demand, which underlines the importance of adequate moisture conditions during the
winter season for the excellent development and growth of cereals. Minor differences between
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the multi-scalar DIs suggest that SPEI is the best performer for all cereal crops, although the
SPI was lower in relation to barley yields (Figure 12). Durum and soft wheat yields (Figure 13,
14) show stronger correlations than barley yields, especially for SPI, which depends only on
the amount of rainfall in the calculation (Figure 12). This is due to the physiological
characteristics of barley and the sandy texture of the soil, being less dependent on water
availability at the germination and grain filling stage compared to wheat (Mamnouie et al.,
2006) and less prone to water stress under drought conditions due to their higher transpiration
coefficient (Fischer et al., 1998). Moreover, the results indicate a similarity between the
temporal response of barley, durum and soft wheat to drought conditions, although, in Morocco,
barley is generally grown later than wheat and in soils with low water holding capacity. They
also indicated that the temperature factor is more important than precipitation in monitoring
and assessing agricultural drought, indicating that extreme changes in mean temperature during
the most sensitive growth stages can negatively affect rainfed cereal crops. Furthermore, the
results of the comparative assessment in the previous sections suggest the role of rainfall in
monitoring and assessing meteorological drought in the LSB. The superiority of SPI suggests
that the simplicity and availability of data give a well-defined power. In addition, the use of
precipitation and evapotranspiration (water balance) in the calculation of SPEI constitutes,
thanks to its better correlation between drought and cereal yields, the most adequate solution to
address the characterization of agricultural drought in Morocco to have the necessary
information to set up an insurance product, offering a guarantee on cereal production in rainfed
areas and against drought risks.

Fig. 12. Correlation coefficients (R) between DIs and detrended rainfed cereal yield during
the barley-growing season (October of the previous year to June of the current year). The
upper and lower limits of the box indicate the upper and lower quartiles, respectively. The line
in the box indicates the median, the lines outside the box indicate the upper and lower bounds,
and the circles show the outlier in the data set.
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Fig. 13. Correlation coefficients (R) between DIs and detrended rainfed cereal yield during
the durum wheat-growing season (October of the previous year to June of the current year).
The upper and lower limits of the box indicate the upper and lower quartiles, respectively.
The line in the box indicates the median, the lines outside the box indicate the upper and
lower bounds, and the circles show the outlier in the data set.

Fig. 14. Correlation coefficients (R) between DIs and detrended rainfed cereal yield during
the soft wheat-growing season (October of the previous year to June of the current year). The
upper and lower limits of the box indicate the upper and lower quartiles, respectively. The line
in the box indicates the median, the lines outside the box indicate the upper and lower bounds,
and the circles indicate the outlier in the data set.
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4. Conclusions
The study carried out in the LSB assessed the regional applicability and performance of four
drought indices (DIs), SPI, SPEI, RDI, and sc-PDSI, based on time series of precipitation and
temperature at four meteorological stations during the period 1984-2016 and of cereal yield
(2000-2016). The Spatio-temporal distribution of drought episodes using drought indices (DIs)
shows that the severity and intensity of droughts have increased since 2012. All the multi-scalar
indices reveal four typical annual droughts in 1995, 1999, 2012, and 2016. The exception is the
sc-PDSI index, which has shown new drought episodes with a sometimes long-lasting trend.
More importantly, the evaluation of the performance of the drought indices for monitoring the
effect of climate on cereal yields showed the best performance of the multi-scalar indices, while
small differences were detected between the SPI and the SPEI/RDI in the performance of
farming systems. Barley and wheat yields are more vulnerable to drought during the
intermediate growth stage (spring), and moisture conditions in winter also have an impact on
crop yields.
Climatic and agricultural conditions in the Lower Sebou Basin are very diverse. This
highlights the need to establish accurate and effective indices to assess and monitor the effect
of climate, particularly in vulnerable agricultural areas. Furthermore, climate variation leads to
yield losses due to water deficits. Therefore, the authors suggest that further analysis should be
carried out using more sophisticated satellite indicators to elucidate further the climatic and
biophysical mechanisms responsible for the Spatio-temporal distribution of agricultural drought
in the LSB.
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