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ARTICLE INFO ABSTRACT
Keywords: Studying the relationship between potential high-impact precipitation and crop yields can help us
Dry/Wet spells understand the impact of the intensification of the hydrological cycle on agricultural production.

Remote sensing
Crop yields
Multiple linear regression model

The objective of this study is to analyse the contribution of intra seasonal rainfall indicators,
namely dry and wet spells, for predicting millet yields at regional scale in Senegal using multiple
linear regression. Using dry and wet spells with traditional indicators i.e. proxies of crop biomass
and cumulated rainfall, hereafter called remote sensing indicators (NDVI, SPI3, WSI and RG), we
analysed the ability of dry and wet spells alone or combined with these remote sensing indicators
to provide intraseasonal forecasts covering the period 1991-2010. We analysed all 12 regions
producing millet and found that results vary strongly between regions and also during the season,
as a function of the dekad of prediction. At the spatial scale, the strongest performing combi-
nations include the dry spell indicators DSC20 and DSxI in the peanut basin. While in the south of
the country, the combination of wet period indicators WS1 or WSC5 with the RG is fairly reliable.
Focussing on Thies, our best region in the groundnut basin, we showed that dry and wet spells
indicators can explain up to 80% of yield variations, alone or in combination with remote sensing
indicators. Regarding the timing of prediction, millet yield can be forecast as early as July with an
accuracy of 40% of the mean yield but the best forecast is obtained in early September, at the
peak of crop development (accuracy of 100 kg/ha i.e. 20% of the mean yield). Although, the
estimated yields show biases over some years identified as extremely deficient or in oversupply in
terms of agricultural yields.

1. Introduction

Increasing occurrence of extreme events, coupled with a growing population is threatening food security in Sahelian countries
(Meehl et al., 2000; Lebel and Ali, 2009; Alhassane et al., 2013; Panthou et al., 2014; Giannini, 2015; Descroix et al., 2016; Taylor et al.,
1982; Panthou et al., 2018; Wilcox et al., 2018; Young et al., 2019). In these countries and in particular Senegal, agriculture is the main
source of employment with nearly 60% of the population’s livelihoods being dependent on agriculture (Dieng et al., 2008; Sultan et al.,
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2013; Roudier et al., 2014). Extreme rainfall events, mainly droughts, reduce agricultural productivity and decimate livestock herds.
Successive crop failures have led to food insecurity, malnutrition and ultimately famine with loss of human life (Rosenzweig et al.,
2001; Ganyo et al., 2018; Lalou et al., 2019). Consequences of these high-impact rainfall events include increases in basic food prices,
food imports and rural-urban migration (Lalou et al., 2019; Sultan and Gaetani, 2016). As a result of the 2018 drought, Senegal was
one of seven Sahelian countries where the number of food-insecure people increased significantly from 314,600 to 548,000 during the
2018 lean season, (i.e. the period between planting and harvesting when food stocks are low and job opportunities are scarce, usually
between June and August in Senegal (WFP, 2018)). Although, total seasonal rainfall is important, it does not characterize the intra-
seasonal distribution of rainfall, in other words the water available to crops during the season which plays a major role in crop growth
and yield determination (Sivakumar, 1992; Barron et al., 2003).

The Sahel experienced extreme decadal variability in rainfall during the twentieth century, with severe droughts during the 1970s
and 1980s following a wet period in the 1950s and 1960s. Since the late 1990s, rainfall has partly recovered to its climatology.
Nevertheless this recovery of rainfall is accompanied by changes in the intra-seasonal time scale compared to the 1950s and 1960s
(Taylor et al., 1982; Sane et al., 2018; Vischel et al., 2019). Indeed, rainfall during the season records nowadays more extreme hy-
drological conditions, with longer dry spells and more intense wet spells (Giorgi et al., 2011; Trenberth et al., 2003; Trenberth, 2011;
Salack et al., 2016; Froidurot and Diedhiou, 2017; Panthou et al., 2018). In Senegal, heavy rainfall is caused by different synoptic
systems which determine the duration of wet spells. Extreme wet spells (above the 99" percentile) are of particular concern as they
often cause floods in the mid season. As for dry spells, showed that the more frequent long dry spells since the 1990s are often markers
of false start and early cessation of the rainy season and therefore may impact crop production. The origins of these recent changes in
wet and dry spells characteristics are not yet fully understood. The role of tropical Sea Surface Temperatures (SST) seems to be of lesser
influence when compared with other identified drivers such as the intensification of the Saharan heat low (SHL; Lavaysse et al., 2016),
the Mediterranean SST warming (Park et al., 2016), and the increase in atmospheric concentration of greenhouse gases (GHG; Dong
and Sutton, 2015). These wet (dry) sequences in the West African monsoon (WAM) are associated with a westward propagation of
cyclonic (anticyclonic) circulation in the wind field at 925 hPa consistent with positive (negative) rainfall anomalies over the Sahel and
with a stronger (weaker) moisture advection over West Africa (Lavaysse et al., 2006). The origin of such fluctuations in the WAM and
the interaction with synoptic disturbances such as African Easterly Waves (AEWs) are not well understood. AEWs are found on 3-5 and
6-9 days periodicity and can be associated to the Mesoscale convective systems (MCS) known to contribute to a large fraction of rain in
West Africa (90%, Lebel et al., 2003; Jenkins et al., 2010; Lafore et al., 2017; Vischel et al., 2019.

Up to now, very few studies have analysed the impact of extreme dry and wet spells on agricultural yields in the Sahel, particularly
in Senegal. In Mali, Sultan et al., 2009 has shown that the start and duration of the rainy season are major factors determining cotton
productivity and its spatial distribution, although other non-climatic factors such as agricultural practices, biotic stresses (e.g. pests)
also affect yield. In southern Senegal, Bacci (2017) evaluated the recurrence of drought and extreme rainfall conditions in the most
sensitive phases of the rice crop cycle and identified trends in rainy season distribution over the period 1981-2013. Their analysis
focused on the critical aspects that determine rice yield such as availability of water in the plant germination and flowering phases, and
the dynamics of the rainy season. They identified the probability of extreme event occurrence during sensitive phases of rice crop
development using the return period method. They found that in the last decade the favourable rainfall distribution in the initial phase
of the growing season led to a low probability of unfavorable conditions for crops. In this study, we plan to investigate the relationships
between millet yields and the occurrence of dry/wet spells defined in Fall et al. (2021).

The main methods to explore climate-yield relationships are either process-based crop models or statistical models. Process-based
crop models simulate the growth of crops accounting for weather and soil factors, together with crop and management parameters.
They aim to synthesize the understanding of crops’ response to their environment (Rosenzweig et al., 2013). However, most process-
based crop models perform poorly in handling the effects of extreme climate events on crop growth due to inaccurate descriptions of
certain processes (Moriondo et al., 2011). Furthermore, crop models require several years of experimental data to train and calibrate to
the local environment (Chen et al., 2004) and must be recalibrated for use in other regions; last, getting accurate data on management
parameters (e.g. crop variety, sowing date, fertilisation) is difficult at the regional scale. Because of these limitations in these models,
statistical models, such as multiple linear regression, have been widely used to relate crop yields with climate variables (Tebaldi and
Lobell, 2008; Laudien et al., 2020) or even process-based crop models output variables (Nain et al., 2004; Lobell et al., 2030). Sta-
tistical models can be useful to predict crop yield despite not being directly based on the mechanisms that determine plant growth. The
main advantages of statistical models are their limited reliance on field calibration data, and their transparent assessment of model
uncertainties (Lobell and Burke, 2010). With the increasing availability and improved quality of observed data, statistical models
usually perform well. Innes et al. (2015) suggested a superior performance of linear models in comparison with crop models to identify
climate-yield relationships.

In this study we opted for an approach based on statistical models and selected CST (the Crop Statistics Tool), a freeware developed
at the Joint Research Centre of the European Commission (JRC-EU) and used for predicting crop yields operationally every month over
Europe (Kerdiles et al., 2017). We also took as yield predictors remote sensing indicators provided by ASAP (Anomaly Hotspots of
Agricultural Production), the JRC early warning system for assessing agricultural drought globally (Rembold et al., 2018) to compare
their performance with that of wet and dry spells indicators. The main objectives of this study were to (1) characterize the spatio-
temporal variation of dry/wet spells and remote sensing indicators used (2), quantify the relationship of different combinations of
dry/wet spells and remote sensing indicators with observed millet yields for the period 1991-2010, and (3) analyze the spatio-
temporal variations of these relationships.
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Fig. 1. The average cumulative precipitation over the period 1991 —2010 is computed from daily rain-gauge data gridded by the block kriging (BK)
method at 0.25° x 0.25° as resolution. The black dots deNote 65 rain gauges of ANACIM used for this study to compute dry and wet spell indicators
(Fall et al., 2021).

2. Study area

Located in West Africa, Senegal has a fairly flat landscape with altitudes below 50 m for more than 75% of its territory (196 722
km2). The climate of Senegal is governed by the WAM (Lafore et al., 2010; Janicot et al., 2011; Nicholson, 2013), resulting in a strong
north-south gradient of the mean annual rainfall (See Fig. 1) ranging from 300 mm in the north to more than 1000 mm in the south
(Diop et al., 2016; Sane et al., 2018). The rains are mainly caused by MCSs crossing the country from east to west (Laurent et al., 1998;
Mathon et al., 2002; Diongue et al., 2002) but also by smaller systems such as isolated thunderstorms (Dione et al., 2014). WAM is also
characterized by a strong intraseasonal variability with dry and wet spells over the Sahel (Lavaysse et al., 2006), whose consequences
can be dramatic for socio-economic activities of the region. Although a comprehensive view of the WAM intraseasonal variability is
still lacking, Janicot et al. (2011) identified the main modes of variability of the WAM at different intra seasonal time scales. They
found that these modes have a regional extension and represent an envelope modulating the convective activity of individual systems.
These modes are intermittent but their impact on precipitation and convective activity is strong when they occur. They have a marked
zonal propagation character, westward for the Madden-Julian Oscillation (MJO, Lavender and Matthews, 2009; Pohl et al., 2009) and
Sahel modes, and eastward for the Quasi-Biweekly Zonal Dipole (QBZD, Mounier et al., 2008) mode, although its stationary
component is important over Africa. These modes are controlled both by internal atmospheric dynamics and land-surface interactions.
At the synoptic scale, the MCSs are embedded within AEWs, synoptic perturbations of 3000-4000 km wavelength that propagate
westward at 6-7 m.s~! , and feed the MCSs with vorticity (Schwendike and Jones, 2010; Berry and Thorncroft, 2012) and humidity
(Poan et al., 2015).

In this study we focused on millet, which is the main staple crop in the country, accounting for nearly 64% of total cereal production
(Sultan and Gaetani, 2016). In Senegal farmers use adapted varieties (e.g. late or early millet) or adapt their practices (e.g. late or early
sowing) according to the environment (Dingkuhn et al., 2006). The length of the vegetative cycle allows to classify the varieties into
three main groups: The early “souna” varieties of 75 to 95 days are fairly common in the peanut basin, the semi-late “sanio” varieties of
110 to 130 days and the late photoperiodic varieties of 130 to 200 days, which are very common in the South (Sy et al., 2015). Millet is
one of the most drought-tolerant crops among cereal species used as human food in the world. Millet is best adapted to light textured
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soils with low annual rainfall (400-750 mm). In the peanut basin, planting always takes place during the dekad when rainfall has
reached the minimum level for wet sowing (20 mm) in the case of groundnut and associated crops such as beans. In contrast, for millet,
in most Senegal, a local village committee decides the sowing date before the rains start (Grillot, 2018). The exception to this rule is
Upper Casamance, where sowing of the local photoperiodic variety of mil sanio is spread out during the months of June and July
(Ndiaye et al., 2019; Bamba et al., 2019).

3. Materials and methods

Quantifying the impact of dry and wet spells is a multi-step process (Ajetomobi, 2016; Vogel et al., 2019). The main steps include
the identification of the study areas, the collection of input data and the definition of a strategy for assessing the contribution of fine
rainfall season indicators to yield forecasting. In this study, the model input data include dry and wet spell indicators calculated from In
Situ precipitation observations of Senegal’s National Meteorology called ANACIM (Fall et al., 2021). In addition, the following in-
dicators provided by the JRC-EU ASAP system were used: a remote sensing biomass proxy (NDVI-METOP), a water satisfaction index
(WSI), the 3-month standardized precipitation index derived from CHIRPS rainfall estimates (SPI-3) and ECMWF global radiation (RG)
cumulated from June. The ASAP indicators, dry/wet spells and yield data provided by DAPSA were fed into the CST database.

3.1. Rain gauges data and Kriging

Daily rain gauge data used in this study are provided by the national meteorological service of Senegal (ANACIM) for the
1991-2010 period (see Fig. 1). Two levels of quality control were performed. A manual check for anomalous records was carried out,
then, further checks were performed including verification of station locations, identification of repeated data, identification of
outliers. Finally, comparative tests using neighbouring stations and investigation of suspicious zero values or missing rainfall data was
performed (Maidment et al., 2013). These steps are essential to ensure that the model input data is sufficiently clean.

Daily rainfall data from stations were converted to rainfall on grids of 0.25° x 0.25° spatial resolution using block kriging (BK), a
method recommended to transform point-wise rainfall into areal rainfall. BK uses a moving neighborhood or block of given dimensions
to estimate the average rainfall value over a surface (Lloyd and Atkinson, 2001; Maidment et al., 2013; Isaaks and Srivaski, 2020). The
main benefit of the spatial interpolation of rainfall data is the reduction of the uncertainties and of the sensitivity associated with the
point value of a variable rainfall field (Lloyd and Atkinson, 2001; Maidment et al., 2013). It is also the most robust way to estimate a
spatial mean value of precipitation over a region.

3.2. CGMS statistics tool (CST) and models

The Crop Growth Monitoring System statistical tool (CST) has been developed by the MARS (Monitoring Agriculture with Remote
Sensing) project of the JRC-EU (Kerdiles et al., 2017) to relate crop yield indicators derived from a gridded crop model (e.g. simulated
biomass during the crop season or final yield), weather or remote sensing indicators observed during the season (i.e. in advance of
harvest) to crop yield statistics at national or sub national level. CST includes data quality checking, time trend analysis of yield
statistics to account for technological progress and two models of yield forecasting: (1) multi linear regression analysis which relates
crop yield indicators measured during the crop season and final yield; and (2) scenario analysis which looks for the past years that are
most similar to the current year according to a set of indicators and combines their yields to make a forecast. CST computes a number of
statistics that allow selecting the best model for a given region and time of prediction and therefore to predict yield for the current
growing season. In this study we used multiple linear regression analysis to assess the linear relationship between a dependent variable
(yield y) and one or more independent variable(s) (the predictor(s) X1, X2...) through the following Eq. 1:

y=Pot+bPxi+Bur+ - B, tE 1)

In this equation f,...3, are the regression coefficients to be estimated through the ordinary least square method which minimizes
the difference between the observed and estimated yield values. ¢ is the random error assumed to follow a normal distribution of mean
0 and variance o2. Errors for different years are assumed to be independent. CST tests various models, using from 1 to 4 predictors (by
default) and produces standard statistics and graphs to assess the quality of these models. It also allows controlling multicollinearity
between predictors as it reduces the precision of the estimate coefficients. Its strength resides in its capacity to test many models
rapidly (e.g. the same model based on one indicator or a set of indicators on several regions and for all the dekads of the growing
season; Kerdiles et al., 2017; Goedhart et al., 2017). The standard analysis workflow with CST is the following: Once the database of
yield and indicator data has been checked for possible errors, the analyst checks the existence of a so-called "time trend’ in the yield
time series (by default CST tests for linear and quadratic time trends at a significance level of 2.5%). A positive time trend is often due
to technological progress i.e. improved seeds, fertilization, agricultural practices (e.g. irrigation) and CST assumes that yield variations
around this trend — when present — are due to weather. The next step of the analysis consists in testing the correlation between the
indicators taken one by one or together, without and with time trend (if present).

We finally tested several models in three steps: (1) 12 regions x 15 dekads (June to October) x 50 combinations of dry and wet
sequence indicators (2) 12 regions x 15 dekads (June to October) x 25 combinations of remote sensing indicators. (3) 12 regions x 15
dekads (June to October) x 25 combinations of dry/wet sequences and remote sensing indicators. To simplify the modelling protocol
we will use the term “Best DWS” (Best Dry and Wet Spells) to refer to the best combinations of dry and wet sequences. Best RS (Best
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Fig. 2. Average production of millet (10° x Tonnes) per region of Senegal provided by DAPSA from 1991 to 2010 (a). Average of millet yield by
region computed as the ratio of production and area cultivated from 1991 to 2010 (b). Labels represent the names of the 13 regions of Senegal where
agricultural data in millet are available. The square in central western of Senegal illustrates the location of the groundnut basin (area of high density
of raingauges).

Remote Sensing) will refer to the best combinations of remote sensing indicators. Finally, we will use the term “Best DWS-RS” (Best Dry
and Wet Spells-Remote Sensing) for the best combinations of remote sensing indicators and dry and wet sequences.

In this study, we ranked models according to the root mean square error of prediction (RMSEP), but also looked at the coefficient of
determination (R?). Indeed, R?, which gives the percentage of variance explained by the model is an indicator of the goodness of fit of
the model (of its calibration) while RMSEP gives an indication of the quality of the model in prediction conditions. RMSEP is also called
the leave one out residual or PRESS statistic.
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Table 1
Four remote sensing indicators used in this study downloaded from the Anomaly Hotspots of Agricultural Production (ASAP), the global early
warning system of the JRC-EU.

remote sensing Indices Definitions Period

WsI Water Satisfaction Index 1991-2010
SPI-3 Standardized Precipitation Index 3 month 1991-2010
RG Global Radiation 1991-2010
NDVI Normalized Difference Vegetation Index from METOP/AVHHR 1991-2010

R = = (@)

1 2
RMSEP =, |- > (Pi-0) 3

where P; and O; are the predicted and observed values for each year i, respectively; O and P express the mean of observed and predicted
values, respectively; n is the number of samples (years). Note that in Eq. 3 the predicted yield for any year is obtained by removing this
year from the data used to fit the model; this is to be in prediction conditions such as when we predict the yield of the current year using
past data. Predictions become increasingly accurate as RMSEP approaches 0 and R? approaches 1.

3.3. Crop datasets

Official agricultural statistics of millet used in this study were provided by Direction de I’ Analyse, de la Prevision et des Statistiques
Agricoles of Senegal (DAPSA) (Diagne and Cabral, 2017; Jacques and Defourny, 2019). Note that Senegal’s statistical capacity is good
compared to the African average; according to the statistical capacity score computed by the World Bank, Senegal ranked second
among all sub-Saharan Africa countries in 2017 (datatopics.worldbank.org/statisticalcapacity). Crop yields are based on a two-stage
stratified sample of 6300 agricultural households in accordance with an harmonized approach intended to be applied similarly in
all countries of the CILSS (Comité inter-Etats de lutte contre la sécheresse au Sahel). First, between 18 and 30 census districts (CDs) are
randomly drawn in each of Senegal’s 42 departments (Dakar is largely urban and is not included). Data collection is divided into two
phases. During Phase 1, which starts at the end of August, the crop area is estimated. The crop type and location of all fields of each
sampled household are recorded. Phase 2 begins in October at the end of the growing season. At that time, the yield is estimated by
averaging measurements taken on 60 plots for each crop and department in a sample of the monitored fields. Both phases last 30 days
which means that the crop areas are known in September and the yields in November. Spatial distribution of production and yield in
Senegal is shown in Fig. 2.

3.4. Remote sensing indicators

For this study, in addition to the dry/wet spells derived from 1991 to 2010 gauge data, we selected four indicators, namely WSI,
SPI-3, RG and NDVI extracted at a dekadal (10-day) timestep for each region of Senegal over cropland areas and for the same years
(Table 1). WSI and SPI-3 were downloaded from the ASAP website ( https://mars.jrc.ec.europa.eu/asap/download.php), while RG was
extracted from the JRC repository using SPIRITS (Eerens et al., 2014) and the ASAP cropland mask (Perez Hoyos et al., 2017); as ASAP
MODIS NDVI data start only at the end of 2001, we had to resort to the METOP NDVI data from FAO website ( http://www.fao.org/
giews/earthobservation).

The Water Satisfaction Index (WSI) is an indicator of water availability for crops computed on a dekadal timestep during the
growing season since 1991 in ASAP. It is based on the FAO crop specific soil water balance (Frere and Popov, 1986) and uses CHIRPS
rainfall (Funk et al., 2015) and ECMWF ERA Interim Penman Monteith evapotranspiration as well as ASAP cropland mask and a
generic crop NDVI-based phenology (Rembold et al., 2018). The WSI ranges from 0 (when actual evapotranspiration of crop is nill for
all dekads since the start of season due to lack of water) to 100 (the crop water requirements have been fully satisfied since the start of
season) (Oosterom et al., 1996; Nieuwenhuis et al., 2006).

The normalized difference vegetation index (NDVI) is a popular green vegetation biomass proxy computed from the visible and
near infrared bands of the METOP/AVHRR sensor. NDVI values theoretically range from —1 to + 1, with values below roughly 0.2
corresponding to covers other than green vegetation, such as snow, water, clouds or bare soil. Generally, photosynthetically active
vegetation has NDVI values between 0.2 and 0.9, with the highest values corresponding to the densest canopies (Wang et al., 2001;
Chen et al., 2004).

The standardized precipitation index (SPI) is an indicator of meteorological drought that describes the extent to which cumulative
precipitation for a specific time period (e.g. 1, 3, 6 months) departs from the average state, in a similar way as a Z-score (McKee, 1993).
Since SPI is standardized, an index of 0 indicates the median precipitation amount for the accumulation period (in our case 3 months),
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Table 2
Definition of six dry and wet spell indicators used in this study from 1991 to 2010 computed
with ANACIM daily raingauges.

Dry Spells Indices Definitions

DSC20 20 days with less than 20 mm of rainfall

DSs 1-3 consecutive dry days

DSxl consecutive dry days exceding 15 days

Wet Spells Indices Definitions

WS1 99%p 1 day with rainfall > 99”p of daily rainfall

WSM 99%p 2 day or more with rainfall > 99"p of daily rainfall
WSC5 99%p 5-d precip. > 99%p of 5-day cumulative rainfall
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Fig. 3. Spatial variability of six dry and wet spells indicators used in this study. Block kriging (BK) data is used to compute these events during the
rainy season (JJASO) for 1991-2010 period.

while dry conditions are indicated by negative values (i.e., below —1.96 for extremely dry with a probability of occurrence below
2.5%) and wet conditions are indicated by positive values (i.e., above 1.96 for extremely wet) (Kumar et al., 2009; Lavaysse et al.,
2018).

SPI-3 months was derived from CHIRPS rainfall estimates and in ASAP the times series starts from 1991. Global radiation (RG),
which expresses the daily sum of incoming solar radiation that reaches the earth’s surface, is also used as a “remote sensing” indicator
for this study as it is a driver for photosynthesis and plant growth. RG is mainly composed of wavelengths ranging from 0.3 to 3ym and
approximately half of the incoming radiation with wavelengths between 0.4 and 0.7um is used by plants for photosynthesis. In ASAP,
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Fig. 3. (continued).

global radiation is derived from ECMWF ERA Interim model data since 1991 and is used in the calculation of Penman-Monteith
evapotranspiration.

3.5. Dry and wet spells

Six dry and wet spell indicators were selected based on their duration and intensity from those defined by Fall et al. (2021). For the
dry spells, we selected different durations to test different rainfall deficit periods, assuming that the longer the dry spell, the higher
their expected impact on crop growth. The three dry spell indicators selected are Dry Spell short duration (DSs, i.e. from 1 to 3 days
with less than 1 mm/day), Dry Spell extreme long duration (DSxl, i.e. at least 15 days with less than 1 mm/day) and Dry Spell Cu-
mulative over 20 days (DSC20, 20 days with less than 20 mm) (Table 2).. The three wet spell indicators selected are Wet Spell one day
(WS1) to capture daily intense rainfall events, Wet Spell Medium duration i.e. equal or longer than two days (WSM) and Wet Spell
Cumulative of 5 days (WSC5) to capture the most intense 5-day cumulative rainfal (Table 2). Note that the 99% percentile of daily
precipitation over the 1991-2010 period is used as the threshold for WS1 and WSM, whereas the 99" percentile of the 5-day period is
the threshold used for WSC5. Overall, these dry and wet spells are closely related to the intraseasonal variability of the WAM (Dieng
et al., 2008; Froidurot and Diedhiou, 2017). Indeed, the establishment of the WAM is characterized by a succession of active and
inactive phases, during which rains intensify (wet spell) and weaken (dry spell). The duration categories of wet spells are chosen to
correspond to the different synoptic systems driving rainfall in West Africa. The WS1, WSM, WSC5 can be associated with the so-called
‘3-5 days’ African Easterly Waves (AEWs) and the ‘6-9 days’ AEWs (Diedhiou et al., 1998; Lavaysse et al., 2006; Wu et al., 2013).
These AEWs are synoptic disturbances known to influence mesoscale convective systems over West Africa. The 20 days duration used
to define DSC20 is another variability mode of the African monsoon rainfall that may result from regional coupled land-atmosphere
interactions (e.g. Grodsky and Carton, 2001; Mounier and Janicot, 2004.
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Fig. 3. (continued).
4. Results

4.1. Spatial variability and seasonality of dry and wet spells

The wet and dry spells present important temporal and spatial variabilities. As illustrated in Fig. 3 dry spells show a strong south-
north gradient with a stronger occurrence in the north except for DSs. The strong prevalence of DSs in the South is explained by the
higher seasonal rainfall, the number of 1-3 day periods without rain increasing with the number of rainy days between DSs by
construction of DSs. Conversely, no spatial gradient appears for wet spells. This is due to the definition of WS which is based on the
Peak over threshold (POT) method of quantiles, which eliminates the spatial variability of rainfall.

Given the potential sensitivity of crops to the timing of dry and wet spells (Troy et al., 2015), it is interesting to look at the seasonal
distribution of DS and WS. The long duration dry spells (DSC20 and DSxl) exhibit fairly similar seasonal cycle with high frequency at
the start and end of the season, which makes them effective indicators of false starts and early cessations of the rainy season (Fig. 4).
Conversely, DSs display a seasonal cycle close to the daily rainfall, suggesting that they are an indicator of rainy days.

Regarding the wet spells, all of them show the same seasonal cycle with a high occurrence during the peak of the WAM
(August-September), when intense organised systems are more frequent. However, there are some differences in the timing within the
season for these extreme events. Indeed, isolated extreme wet days (WS1) show a strong spread throughout the season and can even
occur at the beginning and end of the season although the probability remains very low (2%) at these times of the season. In contrast for
WSC5 and WSM, which are concentrated between July and September, the spread is more narrow as these events are less frequent. This
timing can make these extreme events harmful to crops. Indeed, excessive rainfall may result in lodging and pathogen development
and, at harvest, may make field operations impossible (Berry et al., 2004, 2011).
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Fig. 3. (continued).
4.2. Spatio-temporal variability of remote sensing indicators

A clear north-south gradient is observed for the average NDVI and cumulated RG over the rainy season (Fig. 5). NDVI generally
decreases from south to north and tends to be mainly a function of latitude, due to the relation between green biomass and rainfall
(Fig. 1 Lietal., 2004). This strong relationship between rainfall and NDVI is largely explained by the seasonal migration of the tropical
rain belt. Indeed, its arrival in the Sahelian zone indicates the beginning of the rainy season and the end of a hydric stress of more than
seven months from November to May (Nicholson, 2013). Cumulated seasonal RG decreases from north to south, reflecting the higher
rainfall and cloud cover in the south with respect to the north. The interannual evolution allows comparing the average seasonal
behaviour of three of the remote sensing indicators and of the rainfall index derived from gauge data (Fig. 6). Some disagreements
between the rainfall index and the three remote sensing indicators can be observed. For instance in 2000 NDVI, SPI3 and WSI show a
decrease with respect to 1999 and 2001 while the rainfall index has the opposite behaviour. In 1991, it is NDVI that disagrees with SPI3
and WSI. In other years (e.g. 2001, 2002, 2008), we see a fairly good agreement between all indicators. For the intense drought of 2002
(Sagna et al., 2015), WSI recorded its lowest value 40%, NDVI reached its second lowest value after 1991 and, SPI-3 recorded its most
negative deviation over the whole period, with a value of —2.5 corresponding to less than the 1% driest years (McKee, 1993). The
example of the 2002 drought demonstrates that NDVI, WSI and SPI-3 capture well extreme dry events and their impacts. RG recorded
its highest value in 2002 as cloud cover was reduced and rainfall was low. These results extend those of Nicholson et al. (1998),
Nicholson et al. (1990) in East Africa, who found that the spatial patterns of the NDVIs each year closely reflect the average annual
precipitation.

4.3. Model performance
The multiple linear regression (MLR) model of the CST tool is used to assess the contribution of the indicators listed in Table 1 and 2
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Fig. 3. (continued).

for forecasting millet yields in Senegal. Two parameters computed for each tested model are analysed, namely R2, which measures the
proportion of variance in yield data explained by the predictors, i.e. the goodness of fit of the model based on all available years, and
RMSEP, the root mean square error of prediction. Using CST standard mode, none of the 12 regions of Senegal showed a significant
time trend (at a 2.5% significance level, not shown) for millet yields over the period 1991-2010, suggesting that yield variations due to
technological progress are low or lower than weather induced variations. At a level of 5%, two regions, Matam and Thies, show a
significant quadratic trend with lower yields in the years 1997-2004 and slightly higher yields before (i.e. years 1991-1996) and
clearly higher yields after, especially around 2008-2010. Since the significance of this trend is not strong (post 2010, these two regions
show no significant trend, see Fig. S1 in supplementary material) and the causes for the relatively higher yields of years 1991-1996 are
unclear, the time trend of these two regions has been considered irrelevant and we assume that weather was the main responsible for
yield variations during the 1991-2010 period. After having tested the time trend, the next step is to identify the regions of the country
where the model has statistically significant scores. Fig. 7 shows the best R? of the significant runs of the model for each dekad. These
runs are testing the correlations between millet yields and dry/wet spells combined with remote sensing indicators. We observe
significant correlations between millet yields and our indicators over several dekads but with a strong spatial and intra-seasonal
variability in the R? scores. In only two regions out of twelve, we have either no significant relation (Ziguinchor or Zig, which rep-
resents on average 1% of national millet production) or a significant relationship only for one dekad (Sedhiou, 6% of national pro-
duction). For the remaining 10 regions, we have significant R? mainly from end July to end October. In the five regions of the
groundnut basin, namely Fatick (19% of national production), Kaolack (18%), Kaffrine (18%), Djourbel (12%), and Thies (9%), to
which could be added Louga (5%) for its southern half, we have strong disparities in the quality of the relationship. Kaffrine and
Kaolack recorded their highest scores at the beginning of the season (June and July respectively). Fatick, Diourbel, Thies and Louga
show fairly similar trends covering most of the decades. Overall, Thies remains the best region where R? varies between 60 and 80%
with a great stability throughout the season. The density of the rain gauges does not explain the good performance of the indicators in
Thies since there is an equivalent gauge network in Kaolack and Fatick. The origin of these better relationships is still unclear. They

11
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Fig. 3. (continued).

could be due to a better quality of agricultural data. To confirm this hypothesis, a thorough evaluation of the quality of official statistics
should be carried out.

4.4. Prediction quality

The consequences of wet and dry spells depend on their intensities, and timing within the season. Dry spells can generate high
impacts especially when combined with high temperatures. Extreme wet spells can damage crops when associated with heavy rainfall
(or rarely hail) and potentially cause intense runoff during persisting rainfall generated by high occurrence of MCSs. Nevertheless, mild
wet spells may have benefits when the intensities and the persistence are not high. To better understand the impact of the single
indicators on crop yields, the sign of the regression coefficients or slopes for individual indicators are illustrated in Fig. 8 with the level
of R? scores for each dekad in Thies. Regarding dry spells, as expected, DSx] and DSC20 are negatively correlated with yields from mid
June and early July respectively till end October while DSs, which increases with rainfall, is positively correlated with yield from July
to mid August, i.e. in the early vegetative growth of the crop. As for wet spells, WSC5 and WS1 are positively correlated with yield as
from end of August — early September till end October and the most extreme wet spells (WSM) do not show any significant effect on
yield in Thies. This suggests that wet spells are not able to capture the potential damage (flooding, disease) that they may cause to
crops. Actually the two years with the highest number of WSC5, 2008 and 2010 (Fig. S11 in supplementary material) are characterized
by high yields. In other words, at regional level, the crops benefited from the abundant rainfall provided by the WS and were not
impacted negatively by diseases, lodging or floods. According to the test protocol, the six dry and wet period indicators are combined
to obtain the “Best DWS” and the four remote sensing indicators are also combined to obtain the “Best RS”. For each dekad of the season
the best indicator or combination of indicators is highlighted. The performance of the indicators in each dekad of the rainy season is
illustrated by the coefficient of determination (R Fig. 8the root mean squared error of prediction (RMSEP, Fig. 9¢,d).

Firstly for dry and wet spells, Fig. 9a shows two behaviours depending on whether the event is dry or wet. For dry spells (DSC20,
DSs, DSx1), prediction is earlier than for wet spells with significant relationships observed in mid June for DSxl and in the first dekad of

12
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Fig. 4. Annual cycle of dry and wet spells indicatos used in this study computed on the 1991-2010 period. Frequency of occurrence is defined as a
ratio of observational days with recorded dry or wet spells.
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Fig. 5. Spatial variability of the average seasonal index calculated over the 1991-2010 period. Water satisfaction index (WSI), Global Radiation
(RG) and Normalized difference vegetation index (NDVI). WSI just captures information on the active pixels of crop mask with 0.25° as com-
mon resolution.

July for DSs and DSC20. This performance of dry spells at the beginning of the season could be related to the sensitivity of young plants
to prolonged dry spell (USAID 2014). Indeed, recent studies on the rainfall seasonal cycle across Sahelian countries (Le Barbé et al.,
2002; Lebel et al., 2003; Sultan et al., 2003) show the existence of two rainfall phases. The first phase corresponds to a progressive
onset of rain on West Africa originating from the tropical Atlantic (June — beginning July). For that reason, this phase is considered to
be similar to an oceanic regime marked by a high occurrence of dry spells. The second regime is continental and corresponds to the
most active phase of the WAM (July to September) with a high occurrence of organized mesoscale systems that give origin to wet
spells. This timing of wet spells explains their influence on millet yields from the last dekad of August onwards. Individually DSC20
seems to perform better than WSC5, the best wet spell, and explains up to 50% of the interannual variability in millet yields. The best
DWS is a combination of DSC20 DSs and WSC5 over September-early October which reaches an R? of nearly 80% in mid September.
The relationships between millet yield and the remote sensing indicators are shown in Fig. 9b. All indicators appear to be significant
with R? around 35-40% in mid July, which corresponds to the early vegetative development of the crop (see temporal evolution of
NDVI - Fig. S2 in Supplementary Material). R? reaches a maximum (around 60%) with NDVI in August, whereas other studies found
the best correlation around the time of maximum NDVI, which in Thies occurs in September — early October (e.g. Rembold et al.,
2013). WSI and SPI3 depict a plateau of R? from mid July till end October. This is possibly due to their stronger temporal autocor-
relation, with a maximum R? (45-50%) in early September, when panicle initiation starts. The peak for SPI3 corresponds to the rainfall
during the period of vegetative development for the crop (June to September). The sign of regression coefficients with millet yield are
positives for NDVI, WSI and SPI3. In contrast, RG is negatively correlated with yield, suggesting that RG as a proxy of deep convection
is more important than its role in photosynthesis, which is not a limiting factor. This was also mentioned in previous study (Vijaya-
lakshmi et al., 1991; Islam, 1992) for rice in the tropics but a proxy for crop water stress during the whole season (cf. Fig. 8).
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Fig. 5. (continued).

The RMSEP of both wet and dry spell and remote sensing indicators show similar trends to R? with a more accurate prediction in
August and September for dry and wet spells respectively as illustrated in Fig. 9c,d. We can compare the effectiveness of the dry and
wet spell indicators versus remote sensing indicators in predicting yields. The only remote sensing combination that can achieve a
RMSEP of 100 kg/ha (i.e. about 20% of the mean yield of 479 kg/ha) is the RG-NDVI combination in the third dekad of August while
the best combination of DWS (DSC20-DSs-WSC5) reaches this value one dekad later in early September.

Fig. 10a shows the temporal evolution of R? for the best combination of remote sensing indicators, dry and wet spell indicators and
all indicators together. Early in the season from mid June to mid July, DSxl and DSC20 are the best indicators, which suggests an
impact of dry spells and false start of the rainy season at crop emergence on final yield. As from the second dekad of July, combinations
of indicators outperform individual indicators. DSC20-WSI starts with an R? around 60%. Between the third dekad of July and the first
dekad of September, the best combination includes NDVI with two dry spells indicators (DSC20 and DSs) and a wet spell indicator
(WSC5) while from mid September to early October the same two dry spell and wet spell indicators perform better. For the last two
dekads of October, a combination of DSxI and RG is the best performer. The best predictor which also explains nearly 80% of millet
yield variations, is reached on the first two dekads of September by the DCS20-DSs WSC5 combination with and without NDVI. DSC20
is strong drivers of millet yield and are identified in most combinations, especially during the panicle initiation (August-September).

The strong impact of mid-season combinations during the flowering and grain-filling phases is mainly explained by the fact that this
is the period when crop water requirements are the highest. For example, a DSC20 that occurs in the context of a water balance deficit
has a more negative effect on yields. This pattern is fairly well illustrated by combinations such as DSC20-DSs-WSI, DSC20-NDVI and
DSC20-DSs-WSC5-NDVI. It is important to note the surprising performance of RG which is observed in two of the seven best com-
binations. Indeed, RG does not show high scores when tested alone. And actually the combination DSxI-RG has a significant relation
with yield at the end of the season. The other trend highlighted by Fig. 10a is the impact of dry and wet spells on yields in the heart of
the monsoon (third dekad of August to first dekad of October). Indeed, the improvement achieved by the integration of remote sensing
indicators is almost insignificant as long as dry and wet spells are effective at this time of the season. Fig. 10b) assess the predictive
capacity of the combined indicators, for each dekad by the RMSEP. At the beginning of the season the difference between the RMSEP of
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Fig. 5. (continued).

the best RS model and the best DIWS model can reach 50 kg/ha (about 10% of the mean yield) before reducing to 10 kg/ha (2% of the
mean yield) between the third dekad of August and the first dekad of October. As from September the RS performance decreases with
an RMSEP above 120 kg/ha versus 90-100 kg/ha for the DWS. This means a more accurate forecast with dry and wet spells during the
peak of the monsoon. These results highlight, once again, that the impact of DS depends on their timing with respect to the crop
phenology and condition, which can be monitored with RS indicators.

Fig. 11 shows the best combinations found for the 12 regions of the country at the start of each month between July and October. In
July DSC20 appears to be selected in 4 of the 6 regions having a significant relation, mostly in the western half of the country. Apart
from this case, no specific indicator appears to be predominant in the three other periods (early August, September and October). The
best correlations were obtained for September at the time of flowering with a diversity of combinations of indicators. Wet spells, which
mostly occur from July to September, are more significant in September and October. Although the importance of the other char-
acteristics should not be overlooked, multicollinearity may make them appear less important in some regions of the country. The
effectiveness of the DSC20 and DSxI indicators is highlighted in the groundnut basin regions in July as well as for the northern regions
of the country. However, in the southern part of the country, only SPI3 and NDVI indicators seem to have an impact on millet yields.
The dry spell indicators perform worst in the south of the country, due to the definition of dry spells which does not use a threshold
based on rainfall quantiles, unlike the wet spell indicators. Finally, we can see the occurrence of RG and WSM in most of the best
combinations in the south east of the country in early September. The high occurrence of WSM alone or combined with SPI3 or RG in
the best southern combinations can be related to the percentile methodology used to detect extreme wet spells. Indeed, the thresholds
obtained in the south allow to identify more intense rainfall compared to the north and the groundnut basin (See Fig. S4 in supple-
mentary material). Therefore, extreme events in the south are more susceptible to negatively impact yields. The R? trends are
confirmed by the spatial distribution of the RMSEP.
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from June to October (see Abbam et al., 2018).
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Fig. 8. Portrait diagram of slope provided by dry/wet spells and remote sensing indicators for each dekad in Thies. The shaded colour represent the
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4.5. Yields estimated by the model

The accuracy of the prediction increases during the season as more information about the season and in particular its rainfall
distribution becomes available: In early July, August, September and October, respectively 48, 69, 79 and 72% of millet yield vari-
ability could be explained by the best combination of indicators (Fig. 12). The evolution of the correlations of dry spells indicators with
yields (Fig. 12a) suggests that dry spells occurring during crop emergence — early development have an impact on final yield (see R? of
DSC20 and DSs from early July to mid August; DSxl starts in mid June and reaches a plateau in July, mainly because DSxI occur at the
start of season — see Fig. S3 in supplementary material). This observation agrees with the observation that young plants are sensitive to
prolonged dry spells (Del Rio and Simpson, 2014). Wet spells tend to influence yields in the middle or end of the season (as from end of
August early September) with a positive slope. This suggests that wet spells did not cause damage to crops at the scale of the region, but
on the contrary favoured the crop during the grain filling phase, another sensitive phase for millet (Del Rio and Simpson, 2014). The
remote sensing indicators also have a response that varies in the season (Fig. 9b). The influence of NDVI increases from mid July to
August then decreases rapidly while that of cumulated RG grows throughout the season. SPI3 and WSI have strong information at the
beginning of the season but then tend to stabilize. Finally, the model shows some limitations in extreme agronomic years such as 2002,
2004, 2007 (low yields) and 1995, 2010 (high yields). During low yield years (2002 and 2004) an overestimation of yields close to 100
kg/ha was observed although this gap narrowed in 2007. The temporal resolution of the predictor (dekad) may explain the decrease in
model performance as the duration of these events ranges from 1 day (WS1) to more than 15 days (DSxl, DSC20). Furthermore, during
the years with the highest millet yields (1995; 2008; 2009; 2010), the model tends to underestimate the final yield at the beginning of
the season. At the end of the season, the predicted yields are more accurate.

5. Discussion

Inter-annual variability of crop yields is well known to depend on climatic factors especially in semi arid regions (Chen et al., 2004).
The consensus is that rainfall appears to be the direct cause of year-to-year variability of crop yields in the Sahel (Gunning and Collier,
1999; Guan et al., 2015; Sultan and Gaetani, 2016). However, the accumulation of seasonal rainfall is often insufficient to explain
variations in the agricultural yields because these latter are mainly sensitive to rainfall intraseasonal distribution (Feng et al., 2018; Cai
etal., 2017). In our study, dry and wet spells proposed as key descriptors of the intra seasonal rainfall variability appear to improve the
prediction of millet yields when combined with other indicators in the CST model. The 12 regions of Senegal have been studied
independently. We obtained the highest agreement between observed and predicted yields (R? = 60-80%) in the region of Thies by
including dry and wet spells as covariates in the model. There are the large disparities of the performance between the regions even
under the same climatology, such as the groundnut basin. We are not able to provide explanations to explain these differences.
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Fig. 9. Coefficient of determination (R?) and Root mean squared error of prediction (RMSEP) through the season (JJASO) with runs combined dry
and wet spell (first column) and combined remote sensing ((first column)) in Thies. The black line represents the best combinations of dry/wet spells
(DWS) and remote sensing indicators (RS) for each dekad. Symbols represent the best indicator (green) or Indicators combined (magenta) for

each dekad.

Nevertheless, the results can be compared to previous studies. Several results focusing on climate variability and crop production in
Sahel seem to be in line with our finding. Rasmussen (1999) found that 88% of the variation in millet yield is explained by NDVI
combined with other environmental parameters in sahel. Leroux et al. (2016) found similar scores using a combination of NDVI and
Land Surface Temperature (R?=0.67) indices, which clearly outperformed the model based on NDVI alone (R? = 0.34). The scores are
higher than those based only on absolute rainfall amounts in West Africa (e.g. R? = 35% in Berg et al. (2010)) and close to those
obtained in other regions of the world with comparable dry and wet spells indicators such as Feng et al. (2018) in Australia with R?
scores ranging from 34 to 58%. The other major advantage of dry spells is that they allow an early forecast of millet yield in the rainy
season. The beginning of significant predictability by using DS end June early July are earlier than those found by Mounkaila et al.
(2019) who estimate that the earliest forecast for millet in Niger is for the third dekad of July. Moreover, a strong spatial disparity in
the performance of the indicators has been highlighted in this study. Over Southern Senegal, wet spells and RG seem to be more
efficient in early September. Finally, we also showed that DSC20 occurring in the early vegetative development determines final yields,
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these results corroborate findings of Gibon et al. (2018).

Focussing on Thies, the region in the groundnut basin with the highest predictability, we showed that most indicators depict re-
lations with yield with a sign of correlation (positive or negative) in general consistent with the expected effect of the indicator. The
first exception is the negative correlation with cumulated RG. That is related to the link between the increase of clouds (and so
potentially rainfall) and the decrease of RG in a tropical region where the solar radiation is not a limited factor. Dry spells are
negatively correlated with yield. This is in line with Laudien et al. (2020) who found that occurrence of consecutive dry days of more
than 5 days (cdd5) are mostly negatively correlated with yields, in particular in the vegetative phase in Tanzania. Our results show no
significant negative effects of wet spells on production in Thies, and instead a positive counterintuitive impact of WS1 and WSM is
observed (Fig. 8). A possible explanation is that the thresholds used are not high enough to be considered as extreme (from 20 mm.day-
1 in the North to 65 mm.day-1 in the South, Fig. §9). Indeed, a percentile method has been adopted to select a robust number of events
over all the country. It is possible that these values are lower than the sensitivity of yields to rainfall over most of the agricultural
regions of the basin and in the north of the country. On the contrary, the wet spells that are detected in the basin may correspond in
most cases to moderate rainfall (30 and 40 mm per. day-1 in the basin, Fig. S4 in supplementary material), which is favourable to millet
yields. These results may also be due to the spatial dimension of these disasters. While drought affects large areas (Lesk et al., 2016),
floods are generated by the convective part of MCSs and can be very localised (Engel et al., 2017). As this study uses agricultural
statistics at the regional level, it can be assumed that a flooding effect is more perceptible on finer spatial scales.

It is noteworthy that our study provides robust scores, nevertheless, providing an early forecast of yields for the main producing
regions is still a challenge. This is especially due to several sources of uncertainties related to our statistical models. Firstly, the quality
of yield statistics may be biased due to different reasons; the sampling protocol (e.g. based on an outdated list of farmers), lack of means
to perform the survey, the type of survey (based on objective measurements or on reported yields), and some risk of manipulation.
Indicators derived from satellite images or ground observations may also be inaccurate. Indeed, the density of the raingauge network is
coarse and its spatial distribution is heterogeneous. These characteristics can clearly affect the spatialisation of rainfall and thus the
detection of dry and wet spells. Ali et al. (2005) drew our attention to this point by demonstrating that the estimation error increases
from south to north and remains below 10% for the area south of 15°N and west of 11°E (covering Senegal). In the southern Sahel
(south of 15°N), the rain gauge density needs to be at least 10 gauges per 2.5° 2.5° grid cell for a monthly error of less than 10%. In the
northern Sahel, this density increases to more than 20 gauges because of the large intermittency of rainfall. The remote sensing in-
dicators are derived through algorithms based on assumptions (e.g. SPI-3 or WSI are derived from CHIRPS rainfall estimates) and may
contain inaccuracy. Fall et al. (2021) has found the number of dry and wet spells is highly dependent on the rainfall product used and
their uncertainties. The NDVI data come from NOAA AVHRR satellites, which for NOAA-11 had a strong time drift between 1989 and
1994. Surprisingly at the end of September, i.e. the time of maximum biomass, the four lowest NDVI values for Thies are recorded on
years 1991, 1992, 1993 and 1994 (Fig. S5 of supplementary material). The fact that only 1992 and 1991 had low seasonal rainfall
according to SPI3 and the Lamb index from gauge data (BK), of the four years, only 1992 had a severe drought) suggests a bias issue
with the AVHRR sensor. Actually NOAA 11, which covered years 1991 to 1994 in our time series, is known for having had a strong time
drift in its overpass time, which resulted in an NDVI decrease with the increase in solar zenith angle (Privette et al., 1995). The second
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Fig. 11. Spatial distribution of R? of best predictors from July to October for each region in Senegal over 1991-2010 period column) and the RMSEP
(second column). Labels represent the name of the best predictor in the region.

source of uncertainties is related to the MLR itself. Indeed, MLR assumes linear effects between the indicators and yield. Moreover all
the indicators are somehow correlated to water stress, so the selection of one indicator rather than another may be the result of chance.
Our study is quite exposed to multicollinearity when we combine the indicators, and one index might mask the contribution from
another (Chatterjee and Hadi, 2012). However, this does not affect the capacity of the MLR model to obtain a good fit with yield data,
or to perform good predictions (Dielman, 2005). To model nonlinear processes, algorithms like random forest could be used. Finally,
the last uncertainty is related to the link between identified predictors and yields. Our predictors are mainly related to lack and excess
of rainfall over the season or biomass in the case of NDVI. Other factors affecting yields (e.g. insects or diseases, excessive temperature
e.g.at flowering) are clearly not taken into account in our models. Also, even if wet spells are considered, the effect of excess rainfall at
flowering has not been captured from our training data (as shown by the positive slope with wet spells).

6. Conclusions

This study analyses the impacts and potential operational interest of integrating various dry and wet periods indicators to remote
sensing indicators (NDVI, RG, WSI and SPI-3) to predict millet yields in Senegal using a multiple linear regression model through the
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Fig. 12. Comparison between observed DAPSA yields and model-estimated yields in early July, early August, early September and early October
with the R? and RMSEP predictor through scatter plot for the years 1991 to 2010 in Thies.

CST tool. In view of the emergence of more frequent extreme rainfall events during the summer season as a new threat to rainfed
farming systems, new climate information services and indicators for food security in the region are needed. Our results showed that
WS1 and WSC5 are positively correlated with yields, whereas the occurrence of dry spells are mostly negatively correlated with yield
except DSs. DSC20 plays an important role in explaining millet yield variability. Among all the regions, Thies (region in the peanut
bassin located at western-center of Senegal- see Fig. 1 and 2) appears as the best region for predicting millet yields with our indicators.
In this region, combining dry and wet spells with remote sensing indicators explains more than 80% of the millet yield variability. Early
season DSC20 and the July NDVI are identified as the most important indicators. The best prediction performance is achieved as early
as the first dekad of September with the DSC20-DSs-WSC5-NDVI combination, while final production estimates are generally available
a few months after harvest, which usually finishes around November (Jacques and Defourny, 2019). The results also show that dry and
wet spell indicators are linked to yield during the early and mid-season. At the end of the season (i.e. October) these indicators have less
skill to forecast yield. This earlier warning than the previous version of the model would greatly improve the effectiveness of policy
responses to food shortages. The framework applied in this study is a first step to further research on the inter-annual variability of
yield in the context of early warning at inter-annual time scale.

This study provided a vulnerability map of dry and wet spells combined with remote sensing indicators impacts that showed peanut
basin as a high risk area. Despite the fact that the season begins in the South, while evolving in the North, prediction is more efficient in
the peanut basin located at western center of the country. However, we have shown that the model performs consistently well in
September. We compared the observed and predicted yields during the rainy season. Our results showed that despite more information
about the season accumulated at the end of the season, predictions can get some skills at the beginning of the rainy season (June).
Nevertheless, the linear regression model approach reaches its limit during extreme years, when the model is not able to match ob-
servations. Therefore, future work could consider using machine learning algorithms such as random forest (Jeong et al., 2016; Feng
et al., 2018). The ability of machine learning methods to investigate nonlinear and hierarchical relationships between the predictors
and the response using an ensemble learning approach could significantly improve predictions. For example, it could improve the
precision of climate-yield relationship diagnostics, overcome the shortcomings of linear regressions models in dealing with correlated
predictors, and reveal new insights into different effects of similar climate factors on crop yields.
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