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Abstract. In Senegal, the West African monsoon (WAM) season is characterized by pronounced subseasonal to seasonal (S2S)

rainfall fluctuations in response to complex interactions between large-scale atmospheric and oceanic variability patterns and

mesoscale convective systems. Indeed, the general circulation models (GCMs) used in the development of S2S forecasting

systems often struggle to represent the mechanisms yielding WAM predictability. This study explores the potential of machine

learning (ML) approaches to improve S2S precipitation forecasting in Senegal. We evaluate a set of ML models, including ridge5

regression, linear regression, random forest, support vector machine, Adaboost, and multilayer perceptron for S2S forecasting

of precipitation during the monsoon season. To this aim, we use a combination of high-resolution global precipitation estimates

from ground and satellite observations, along with atmospheric and oceanic reanalysis products. Our methodology relies on

a non-filtering approach to extract significant S2S signals as predictors, enabling real-time application. We demonstrate that

integrating different predictor variables from a range of atmospheric and oceanic fields significantly enhances prediction skill.10

Notably, the ridge regression model outperforms state-of-the-art GCM-derived S2S predictions. The study highlights the po-

tential for developing operational S2S forecasting systems for West African precipitation using ML techniques to complement

GCM-based forecast systems, offering valuable tools for climate risk anticipation and water resource management. Such ML-

based systems not only provide skillful predictions but are also computationally more efficient compared to GCMs, and can be

extended to diverse climatic zones.15

Keywords. Subseasonal to Seasonal forecasting, Senegal, Machine learning, Precipitation

1

https://doi.org/10.5194/egusphere-2024-4040
Preprint. Discussion started: 28 February 2025
c© Author(s) 2025. CC BY 4.0 License.



1 Introduction

Extreme floods and droughts are becoming more widespread in the current context of climate change, causing considerable

economic damage and threatening the livelihood of the population, according to the 6th Assessment Report of the Intergovern-20

mental Panel on Climate Change (IPCC). For West Africa in general, and Senegal in particular, reliable subseasonal-to-seasonal

(S2S) forecasts of rainfall during the West African monsoon (WAM) season can provide actionable data for informed decision-

making to mitigate the harmful impact of extreme events on the vulnerable population, whose economy and subsistence are

mainly based on rain-fed agriculture. Indeed, S2S predictability of rainfall in this region is crucial for crop management,

disaster risk reduction and food security. This S2S forecasting time scale, which typically ranges from two weeks to two25

months, helps bridge the gap between weather forecasting and climate prediction (Hung et al., 2009; Brunet et al., 2010; Vitart

et al., 2012). However, rainfall variability associated with the WAM is highly complex due to the combined impact of local

mesoscale convective systems and remote sea surface temperature (SST) forcing (Suárez-Moreno et al., 2018; Biasutti, 2019),

which contributes to preventing skillful S2S predictability (Vigaud and Giannini, 2019).

From a societal perspective, decision-making in the framework of agriculture, food security, water resources, risk manage-30

ment and health care would greatly benefit from improved S2S forecasts. However, this time scale has long been considered a

"predictability desert", being much less studied compared to medium-range and seasonal forecasting (Robertson et al., 2020).

Recent studies have shown that predictability at the S2S time scale could be enhanced through various factors, including

more complete and reliable observational networks, a better understanding and representation of intra-seasonal atmospheric

processes, and improved initialization and assimilation of land, ocean, cryosphere and stratosphere components in general35

circulation models (GCMs)-based prediction systems (Pegion et al., 2019). Accordingly, several initiatives have been carried

out, such as the S2S prediction project and the Subseasonal eXperiment (SubX; now the Subseasonal Consortium, SubC), to

provide GCM-derived S2S rainfall forecasts up to 60 days in advance (Vitart et al., 2017; Pegion et al., 2019). However, such

forecasts are still far from skillful (de Andrade et al., 2019), as GCMs struggle to represent key atmospheric processes, mainly

those on a small scale (Vitart and Robertson, 2019). As a result, post-processing is often required to improve the accuracy and40

reliability of forecasts (Li et al., 2022). Some studies used, for instance, Bayesian joint probability to post-process S2S rainfall

forecasts over different regions, resulting in improved skill and reliability compared to the raw forecasts (Schepen et al., 2012;

Li et al., 2021). Moreover, a new spatial correction method proposed by (Vigaud et al., 2020) showed improved intra-seasonal

rainfall estimates derived from multimodel ensembles. Nevertheless, the accuracy of these post-processed estimates degrades

sharply for lead times (i.e., the difference in time between the onset of an observed event and the issuance of the forecast of45

such event) beyond 10-14 days (Li et al., 2022).

Alternative approaches for S2S rainfall forecasting include machine learning (ML) models that operate from mathematical

relationships between rainfall data and preceding indices of atmospheric and/or oceanic variability. Although GCMs have tradi-

tionally excelled in short- and medium-term forecasting, and ML models have historically been reserved for longer timescales

(Abbot and Marohasy, 2014; Tuel and Eltahir, 2018), recent advancements in ML, such as with models like GraphCast, have50

demonstrated unprecedented accuracy in medium-term weather forecasting. Many data-driven algorithms, such as multiple lin-
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ear regression, maximum covariance analysis or canonical correlation analysis, among others, have been devised for seasonal

rainfall expectations based on the assumption that seasonal anomalies are caused by slow variations in SST, snow cover and

other boundary conditions (Barnston and Smith, 1996; Hwang et al., 2001; Eden et al., 2015; Suárez-Moreno and Rodríguez-

Fonseca, 2015). Additional examples include an empirical cluster-based method to predict winter precipitation anomalies over55

European and Mediterranean regions using SST, geopotential height, sea level pressure, snow cover extent, and sea ice con-

centration as predictors (Totz et al., 2017). A random forest-based model, whose predictors were extracted from SST data,

was developed to predict seasonal precipitation in Central and Southern Asia (Gerlitz et al., 2016). However, there is a lack of

studies focusing on intra-seasonal (or S2S) forecasting in West Africa.

This study takes a step forward to develop a ML-based intra-seasonal rainfall forecasting system for Senegal. Through the60

exploitation of the links between rainfall variability and atmospheric and oceanic fields, we evaluate the performance of several

ML approaches to predict intra-seasonal weekly precipitation anomalies during the WAM season. Our results reveal how these

models outperform GCM-based prediction systems. The work is organized as follows: Data and methods are described in

Section 2. The forecasting capabilities of the models are evaluated in Section 3. Section 4 is dedicated to discussion and

conclusions, including comments on the potential application of the ML approaches for disaster risk reduction, water resources65

management, and other climate-related risks.

2 Data and methodology

2.1 Data

2.1.1 Geographical Information

Senegal is located in the westernmost part of West Africa, between latitudes 12°8 and 16°41 north and longitudes 11°21 and70

17°32 west (red box on Fig. 1). It is characterized by two main seasons: a dry season (from November to May) marked by the

predominance of maritime trade winds from the west and continental trade winds from the northeast in the interior; and a rainy

season (from May - June to October), dominated by the southwesterly flow that characterizes the WAM (Fall et al., 2020). The

maximum rainfall is received in August and September, coinciding with the period during which the intertropical convergence

zone (ITCZ) reaches its northernmost position above Senegal (Sane et al., 2018). Fig. 1 illustrates the spatial distribution of75

the annual cumulative precipitation in West Africa, along with the area of interest. A meridional gradient of precipitation is

observed, with higher values in the south and a northward rainfall decreasing (Faye et al., 2024).

2.1.2 Target variable: Precipitation Data

Daily precipitation data are derived from the Climate Hazards group InfraRed Precipitation with Stations (CHIRPS) dataset

(Funk et al., 2015). CHIRPS combines ground observation data and satellite observations to produce daily and monthly grid-80

ded rainfall estimates worldwide from 1981 to the present. CHIRPS has a high spatial resolution (5 Km), exhibiting more

realistic spatial patterns and greater accuracy over land than other observational datasets. A study by (Tarnavsky et al., 2014)
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Figure 1. Spatial distribution of annual cumulative precipitation in West Africa and Senegal.The red outlined rectangle denotes Senegal as

the study region (Faye et al., 2024).

compared CHIRPS with Tropical Rainfall Measuring Mission (TRMM) data (Simpson et al., 1988) for the West African re-

gion. The results showed that the two datasets are well correlated, but CHIRPS tends to better capture short-duration rainfall

events. Likewise, comparing with the European Centre for Medium-Range Weather Forecasts (ECMWF) dataset, Funk et al.85

(2015) showed that CHIRPS is more realistic in reproducing lower rainfall intensities. Recently, Faye et al. (2024) showed

that CHIRPS data, compared to those from the National Hydrological and Meteorological Services (NHMS), provide a more

accurate representation of the total annual rainfall distribution, as well as the onset and cessation of the rainy season in Senegal.

2.1.3 Atmospheric and oceanic variables

To represent the intraseasonal atmospheric oscillation, outgoing longwave radiation (OLR) and zonal winds (U) in the upper90

(U200 hPa) and lower (U850 hPa) troposphere are used. Although several indices, including the real-time multivariate Madden-

Julian Oscillation (MJO) index (RMM) (Wheeler and Hendon, 2004) and the boreal summer intraseasonal oscillation (BSISO)

index (Lee et al., 2013), have been proposed to track the sub-seasonal oscillation propagation, these may not cover the patterns

that could be important for subseasonal rainfall in some regions (Li et al., 2022). In addition, correlations with geopotential

height (H) in the lower (H850), middle (H500), and upper (H200) troposphere are also analyzed. Leung and Qian (2017)95

showed that H at 850, 500, and 200 hPa are able to reflect the MJO structure as well as the zonal wind. Daily OLR data

used in this study are provided by the National Oceanic and Atmospheric Administration (NOAA) on a 2.5° resolution global

grid (Liebmann and Smith, 1996). The OLR data is derived from high-resolution infrared sounders and is valuable for a wide
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range of applications. The daily averaged U850, U200, H850, H500 and H200 data are derived from the fifth generation of the

ECMWF reanalysis (ERA5) dataset. Reanalysis products combine model data with observations from across the world into100

a globally complete and consistent dataset using the laws of physics. This principle, called data assimilation, is based on the

method used by numerical weather prediction centres, in which given a certain time interval a previous forecast is combined

with newly available observations in an optimal way to produce a new best estimate of the state of the atmosphere, called

analysis, from which an updated, improved forecast is issued. The ERA5 data used in this study have a horizontal resolution of

0.25 degrees. To focus on large-scale features and increase computational efficiency, the ERA5 reanalysis data are interpolated105

to 2.5° X 2.5° spatial resolution.

Regarding SST, we use the NOAA Daily Optimum Interpolation Sea Surface Temperature (OISST) (Huang et al., 2021)

which is a long-term climate record integrating observations from different platforms (satellites, ships, buoys and Argo floats)

on a regular global grid with a latitude-longitude resolution of 0.25°. The dataset is interpolated to fill gaps on the grid and

create a spatially complete SST map. To be consistent with the temporal coverage of the OISST, we focus on the period110

1982-2019.

2.1.4 S2S hindcasts

Hindcasts, often referred to as reforecasts, are retrospective climate forecasts. The precipitation hindcasts from the S2S database

were assessed for the models of the ECMWF, the Met Office (UKMO), and the National Centers for Environmental Predic-

tion (NCEP). These forecasts exhibit various configurations, including forecast range, spatial resolution, frequency, period,115

ensemble size, and coupling effects (Table 1), (Vitart et al., 2017; de Andrade et al., 2021). Furthermore, ECMWF and UKMO

reforecasts are generated gradually by updating their model versions according to near real-time forecasts, whereas in the

NCEP model, reforecasts are based on a fixed date for a given model version. We analyzed ECMWF and UKMO reforecasts

corresponding to model version dates of the year 2018. Four start dates per month were chosen based on UKMO initializations

(1st, 9th, 17th, and 25th of each month), as indicated by (de Andrade et al., 2021). We select the closest start date for some120

non-matching ECMWF initializations. This discrepancy regarding models initialization restricted a multimodel evaluation. To

ensure a fair comparison between models, we select six perturbed members, in addition to the control, to obtain the ensemble

average for each model. For the NCEP model, which has a total of three perturbations, we have used three additional perturba-

tions by modifying the initial states. This procedure allows all models to have at least seven members in their ensemble. Since

the subseasonal time scale exceeds the limit of weather prediction, a weekly time frame was used to represent the subseasonal125

forecast range more adequately. Weekly precipitation was obtained considering four accumulation lead times: days 5–11 (week

1), 12–18 (week 2), 19–25 (week 3), and 26–32 (week 4). The results of our ML-based models will be compared to those from

these S2S dynamical prediction systems (see Table 1) to assess their performance. The study period selected for comparison

extends from 1999 to 2010, determined by the availability of NCEP model reforecasts.

130

Table 1. The main features of the three S2S operational models and their hindcasts (de Andrade et al., 2021).
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Model Forecast

length

Spatial res-

olution

Hindcast

frequency

Hindcast

period

Ensemble

size

Ocean cou-

pled

Sea ice cou-

pled

ECMWF 46 days Tco639

/319L91

Two per

week

Past 20

years

11 Yes No

UKMO 60 days N216 L85 Four per

month

1993-2016 7 Yes Yes

NCEP 44 days T126 L64 Daily 1999-2010 4 + 3a Yes Yes
aThree more perturbed members, extracted from 1-day lag after initializations, were added to the NCEP ensemble size.

2.2 Methodology

2.2.1 Extraction of intraseasonal signals

In this part, we discuss the extraction of significant intraseasonal signals, important for S2S precipitation (Li et al., 2022). The135

raw daily data of atmospheric variables (U850, U200, OLR, H850, H500 and H200), daily precipitation, and SST contain high-

frequency noise. Bandpass filtering methods, such as the fast Fourier transform, are commonly used to isolate the intraseasonal

scale (10- to 60-day signals) (Zhang, 2005). However, these traditional methods are not practical for real-time applications, as

they will introduce future information beyond the current date.

As proposed by (Li et al., 2022), we use a non-filtering method to extract 10- to 60-day signals from atmospheric and oceanic140

variables and CHIRPS precipitation. Compared to traditional methods of extracting intraseasonal signal, this approach could be

used for real-time applications. The climatological annual cycle of the raw daily data is first removed by subtracting a 90-day

low-pass filtered climatological component, as follows:

X ′ = X −X (1)

where X is the daily data. X is the corresponding climatological 90-day low-pass filtered component derived by the

Lanczos filtering method (Duchon, 1979). The period during which the low-pass filter is applied spans from 1982 to

2019.

145

In the second step, low-frequency signals of more than 60 days are removed by subtracting the 30-day moving average as

follows:

X” = X ′−X ′30d
(2)

where X ′30d
is the running mean of the 30 days of X ′.

A weekly mean is performed on X” (for atmospheric and oceanic signals.) to remove higher frequency signals, as follows:150

X∗ = X”
7d

(3)
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As a result, the signal derived represents the 10- to 60-day signal of X . The daily intraseasonal signals are averaged into

weekly data to further reduce noise and improve predictability (Li et al., 2022). Hereinafter, the 10- to 60-day accumulated

weekly precipitation signal will be referred to as the weekly precipitation anomaly.

2.2.2 Definition of predictors155

In order to identify the geographical areas for which the atmospheric and oceanic fields show a potential influence on the

subseasonal variability of rainfall in Senegal, we analyze the correlation between weekly precipitation anomaly (i.e., WPA)

during the period of 1982–2019, from June to September in Senegal and atmospheric parameters, with weeks 0, 1, 2, 3, 4, and

5. We also did the same with SST oceanic signals. Consider, for example, predicting the accumulated weekly precipitation for

the period from June 1 to 7, 2010. In this case, the mean weekly intraseasonal oscillation (ISO) signals of the atmospheric field160

for the periods from June 1 to 7 (week 0), May 25 to 31 (week 1), May 18 to 24 (week 2), May 11 to 17 (week 3), May 4 to 10

(week 4), and April 27 to May 3 (week 5) are used as predictors to generate precipitation forecasts at different lead times.

Fig. 2 depicts the correlation between the previous 10 to 60 days mean weekly signals of OLR, U850, and U200 and WPA

over Senegal at different temporal lags. At weeks 5 and 4, significantly correlated OLR signals are primarily located above the

Philippine Sea, the Bay of Bengal. These signals seem to propagate towards East Africa at week 4. OLR anomalies remain165

near the above Africa, and the Indian Ocean at week 3 to week 2. At week 1 and week 0, OLR signals are more pronounced

above Africa. The spatial distribution of OLR signals is more concentrated over Central and West Africa at weeks 1 and 0,

respectively, indicating more robust statistical relationships in this area. At week 1, signals that were located above Central

Africa appear further west (particularly towards Senegal). The high negative correlation over Senegal at week 0 confirms the

results found in the region during the boreal summer. Accordingly, studies have shown that negative (positive) OLR anomalies170

are indicative of more (less) cloud coverage and hence enhanced (suppressed) convective precipitation in the region (Mohino

et al., 2011; Janicot et al., 2008). Thus, when precipitation occurs, a decrease in outgoing infrared radiation in the atmosphere

is observed. This phenomenon is attributed to cloud formation and the onset of atmospheric convection, two processes closely

linked to precipitation in West Africa. Convective clouds reflect a portion of the infrared radiation back into space, thereby

reducing the amount of infrared radiation detected by satellites (Janicot et al., 2008). Significantly correlated U850 signals175

are mainly located above the Indian Ocean, the Sea of Oman, Eastern Africa, and the West Pacific at weeks 4 and 5. These

U850 hPa signals are between the Philippine Sea and the Horn of Africa at week 3 to week 2 and then seem to propagate

toward Central Africa at week 2. A more westward progression is noted for week 1 to week 0, with a spatial distribution of

U850 signals more concentrated between subtropical latitudes of both hemispheres at week 0, indicating more robust statistical

relationships in this area.180

This dipole is also present between the Atlantic Ocean and the African continent, which is potentially related to the onset of

the summer monsoon system in West Africa or low-level trade winds carrying moisture from the ocean to the continent. In this

context, (Sultan et al., 2003) show that the boreal summer circulation dipole between ocean and continent is often associated

with the pressure difference between these two areas. Statistically significant U200 anomaly correlations are found over the

Indian and Pacific Oceans during weeks 5-3. At week 2, the signals appear above Africa and Indian Ocean, whereas at weeks185
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Figure 2. Correlation coefficient between the preceding weekly mean 10–60d signals of (left column) OLR, (mid column) U850, and (right

column) U200 anomalies, and weekly precipitation anomalies over Senegal at different lead times during the period of 1982–2019 from June

to September. Correlation coefficients that are statistically significant at the 5% level are shaded.
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1-0 are located westward over the Atlantic Ocean. These results in U200 correlations are related with the so-called Tropical

Easterly Jet (TEJ) (Nicholson and Grist, 2003; Wu et al., 2009). The intensity and latitudinal position of this easterly jet influ-

ence precipitation in West Africa during the monsoon season (boreal summer). Specifically, a strengthening (intensification)

of this easterly jet at 200 hPa is linked to increased rainfall over the Sahel and countries like Senegal. A more intense easterly

jet promotes the ascent of humid air from the Gulf of Guinea, reinforcing convection and precipitation over the Sahel. The190

more northerly position of an intense jet (as in the case of weeks 2, 1, and 0) allows for a deeper penetration of the monsoon

towards Sahelian latitudes, thus favoring precipitation. It appears that U850 correlations exhibit similar characteristics to U200

correlations in many regions, but with opposite signs, which is consistent with upper- and lower-level circulations associated

with monsoon systems (tropical baroclinic circulations). Fig. 3 depicts the correlation between the previous 10 to 60 days

mean weekly H850, H500, and H200 signals and Senegal precipitation anomalies at different temporal lags. At weeks 5-4,195

significantly correlated H850 signals are primarily seen over Africa and progressively spread over the Atlantic. The signals are

scattered across the tropics at weekly lead times 2 and 1. A very intense signal appears on the Senegalese coast at week 0. For

H500 anomalies, the distribution is somewhat similar to that of H850 correlation signals, with the intense H850 signal on the

Senegalese coast at week 0 also found in H500 correlations. In contrast, H200 anomaly correlations seem much more scattered

compared to H850 and H500 throughout the weeks. At weeks 1-0, significantly correlated H200 signals are mainly seen over200

the tropical zone.
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Figure 3. Correlation coefficient between the preceding weekly mean 10–60d signals of (left column) H850, (mid column) H500, and (right

column) H200 anomalies, and weekly precipitation anomalies over Senegal at different lead times during the period of 1982–2019 from June

to September. Correlation coefficients that are statistically significant at the 5% level are shaded.

Fig. 4 displays the correlation between the previous 10 to 60 days mean weekly SST signals and Senegal precipitation

anomalies at different temporal lags. Positive signals are seen throughout the North Atlantic, the Mediterranean Sea, and the
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North Pacific during various weekly lead times. These positive signals in the North Atlantic are much more widespread and

intense as the lag decreases. In other words, more robust signals with a greater spatial distribution in the North Atlantic are205

found at weeks 3-0. Significant negative correlations are also identified in certain regions, such as the South Atlantic, the

eastern Indian Ocean, and some areas of the South Pacific, during different time lags. These results are consistent with studies

by (Gaetani et al., 2010; Mohino et al., 2011; Fontaine et al., 2011; Diakhaté et al., 2019; Thiam et al., 2024), showing that

strong and significant positive SST anomalies in the Mediterranean precede a wetter than average summer in the Sahel. Jung

(2006) identified a significant increase in precipitation in the Sahel following the Mediterranean heatwave of 2003. Strong210

associations are also found in the North Atlantic, with correlations exceeding 0.4 in the Gulf Stream region north of 30°N

(Wang et al., 2012; Monerie et al., 2023; Liu et al., 2014) or in the northwest Pacific: extratropical warming of the northern

hemisphere indeed induces a significant increase in precipitation in the Sahel through the modification of large-scale meridional

heat distribution, according to (Park et al., 2015; Suárez-Moreno et al., 2018). Thus, all these results are in perfect agreement

with our findings.215
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Figure 4. Correlation coefficient between the preceding weekly mean 10–60 day SST anomaly signals and weekly precipitation anomalies

over Senegal at different lead times during the period from 1982 to 2019, from June to September. Correlation coefficients that are statistically

significant at the 5% level are shaded.

The spatiotemporal coupled covariance patterns are then constructed for a grid point where the correlation is statistically

significant at the 5% level. The predictor is defined by calculating the sum of the products of the covariance patterns and the

10- to 60-day signals of atmospheric and oceanic fields for each preceding weekly interval following (Li et al. (2022)):

cov(Xi,k,Y ) =
1
T

T∑

t=1

(Yt−E(Y ))(Xi,k,t−E(Xi,k)) (4)

12
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Xk =
N∑

i=1

cov(Xi,k,Y ) ·Xi,k (5)220

Xi,k denotes the weekly mean 10-60 day filtered signal of the kth atmospheric and oceanic field at grid point i, where the

correlation between Xi,k and Y is statistically significant at the 5% level. Here, k ranges from 1 to 7, representing 6 different

atmospheric fields and the SST field. Y denotes the weekly mean precipitation anomalies. T is the total number of weeks, and

N is the total number of grid points at which the correlation between Xi,k and Y is statistically significant at the 5% level.

Thus, for each atmospheric or oceanic field and each preceding week, there is only one predictor Xk.225

2.2.3 Machine Learning Modeling

In the previous steps, predictors were defined by analyzing the relationship between global intraseasonal (weekly) signals,

from atmospheric and oceanic fields, and precipitation anomalies in Senegal. The derived predictors can be used to forecast

weekly precipitation anomalies in Senegal. Once the predictors were defined, ML models were constructed. Various modeling

techniques were utilized, including Ridge regression, linear regression, random forests, multi-layer perceptron, and support230

vector machines.

Linear regression (LR) is a statistical method used to assess the linear relationship between a dependent variable y and one

or more independent variables X (Draper, 1998). The linear regression model is written as:

y = β0 + β1X1 + β2X2 + . . . + βnXn + ε (6)

where βi are the regression coefficients and ε is the error term.235

The coefficients βi are estimated using the least squares method, which minimizes the sum of the squared residuals between

the observed y and modeled y values.

In general, linear regression is used when the relationship between the predictors X and outcome y can be reasonably

approximated as linear (Weisberg, 2005). It works well when the predictors are not too highly correlated. The model can be

used for prediction, inference and interpretation of the impact of each predictor on the outcome.240

Linear regression is widely used in climate science for tasks like modeling temperature changes over time or predicting

precipitation levels based on atmospheric variables. The interpretability of the model makes it a popular choice.

Ridge regression (also known as regularized regression) is a method that adds a regularization term to the cost function

of linear regression in order to reduce the variance of the model (Hoerl and Kennard, 1970). The regularization term introduces

bias into the estimates of the regression coefficients, but reduces variance by pulling them towards zero. The ridge model cost245

function is written as:

min ||Xβ− y||2 + λ||β||2 (7)
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where λ is a hyperparameter that controls the intensity of regularization. Several techniques can be used to estimate its optimal

value, such as cross-validation (Golub et al., 1979).

In general, ridge regression outperforms simple linear regression in the case of multicollinearity between predictors, as it250

reduces the instability of coefficient estimates (Marquardt and Snee, 1975). Additionally, it is well-suited for high-dimensional

problems by limiting overfitting risks (Zou and Hastie, 2005). This is why it is often used in climate science with a large number

of variables. Ridge regression was used to model the relationship between CO2 concentrations and temperature (Gregory et al.,

2004).

Support vector machine (SVM) is a supervised ML algorithm and can be used for both classification and regression (Vapnik255

et al., 1998). SVM uses kernels function which can be linear or polynomial in order to obtain non-linear function (Steve, 1998).

SVM minimizes the error by adding the hyperplane and maximizing the margin between the prediction and the actual values

(Karatzoglou et al., 2006). This model presents many advantages. It is very effective even with high dimensional data. It also

works very well if the classes in the data are well separated points. SVM can also work with image data. Nevertheless, SVM

model has some disadvantages. In fact, it is not easy to choose a good kernels function. Moreover, the training period has to be260

very long for large datasets. It is also difficult to understand and interpret the final model, the weights of the variables and the

individual impact and to fine-tune these hyperparameters (Kirchner and Signorino, 2018).

Random forests (RF) are an ensemble method based on decision trees. The principle is to construct a collection of decision

trees, each trained on a bootstrap sample of the original data (resampling with replacement) (Breiman, 2001). In addition, for

each split of a tree, only a random subset of the predictors is considered. Three hyperparameters need to be tuned in the RF265

algorithm, namely the number of trees in the "forest", the number of features to consider when looking for the best split, and the

maximum depth of the tree. In general, RF generates a higher quality global model than single decision tree models (Mutanga

et al., 2012), because RF compensates for the bias introduced by the single decision tree due to its random character. Moreover,

RF also shows efficiency in handling large dimensional datasets (Vincenzi et al., 2011), which helps to analyze the dataset of

this study.270

AdaBoost, or "Adaptive Boosting," is an ensemble learning method that enhances the accuracy of prediction models

by combining multiple weak models (often called "weak learners") to create a strong model. This technique is particularly

effective for classification tasks, although it can also be adapted for regression. AdaBoost uses weak learners, typically shallow

decision trees (stumps), as base models. The models are trained sequentially, with each model attempting to correct the errors

of previous models. The model predictions are combined with weighting to produce the final prediction.275

Multilayer Perceptron (MLP) is a type of artificial neural network capable of learning nonlinear relationships between

variables (Rosenblatt, 1958). The MLP consists of an input layer, one or more hidden layers, and an output layer that are

fully connected. Each neuron computes a linear combination of the inputs with associated weights, and applies a nonlinear

activation function like the tanh or relu. The weights are adjusted through backpropagation of the error gradient (Rumelhart

et al., 1986). The MLP can approximate any continuous function thanks to its hidden layers (Cybenko, 1989). It is able280

to handle complex classification and regression problems. In climatology, the MLP is used for reconstructing missing data
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(Suzuki, 2011), precipitation forecasting (Hung et al., 2009), and solar radiation modeling (Li et al., 2020). Its ability to

capture nonlinear relationships makes it a powerful tool.

The choice of these models was based on the performance they demonstrated in the studies conducted by (Gerlitz et al., 2016;

Cai et al., 2019; Toure et al., 2023; Sarr and Sultan, 2023). These references demonstrated the higher predictive effectiveness285

of these models compared to other alternatives. Therefore, we selected these particular ML models for our own analysis.

In a recent study, PMM (Predictive Mean Matching), RF, and NORM (Bayesian Linear Regression) were used for multiple

imputation to improve climate databases in Senegal (Toure et al., 2023). The results highlight the superior performance of

the RF model in terms of accuracy and explained variance compared to other ML models. Sarr and Sultan (2023) used these

ML techniques to predict crop yields in Senegal. Their results showed that combining climate and vegetation data with ML290

methods yields the best performance.

To determine optimal hyperparameters for selected ML models, we used a grid search method. This approach consists

of exhaustively testing all possible combinations of hyperparameters from a predefined grid of values. Although computa-

tionally expensive, grid search has the advantage of being simple to implement. It allowed us to systematically identify the

best hyperparameter configuration to maximize the performance of models. We used a one-year cross-validation (or k-fold295

cross-validation) to evaluate the machine learning models and assess the predictive performance of individual and combined

predictors. Cross-validation is a procedure used to estimate the performance of a machine learning algorithm when making

predictions on data not used during the training of the model. The cross-validation has a single hyperparameter “k” (here k =

one-year) that controls the number of subsets that a dataset is split into. Once split, each subset is given the opportunity to be

used as a test set while all other subsets together are used as a training dataset. This means that k-fold cross-validation involves300

fitting and evaluating k models. This, in turn, provides k estimates of a model’s performance on the dataset, which can be

reported using summary statistics such as the mean and standard deviation. Then, to compare with the S2S models, we refined

our approach by selecting the two best-performing models, Ridge and linear regression (LR). In addition to achieving the best

results, these models require fewer computational resources, allowing us to apply the Leave-One-Year-Out (LOYO) validation

without encountering limitations related to computing capacity. Although LOYO validation is a computationally demanding305

method, it provides a reliable and unbiased estimate of model performance. Leave-one-out cross-validation is a specific con-

figuration of k-fold cross-validation, where k is equal to the number of examples in the dataset. LOYO represents an extreme

version of this approach, involving the highest computational cost. Indeed, it requires training and evaluating a model for each

example in the training set. The advantage of such a large number of evaluations is that it provides a more robust estimate of

model performance, as each observation has the opportunity to represent the entire test dataset. Thus, with a dataset covering310

38 years, thirty-eight training and validation processes were conducted using the LOYO method.

2.2.4 Prediction skill-scores

We conducted leave-one-year-out cross-validation to assess the practicality of the models, i.e., using all years’ data from 1982

to 2019 except the target year to train the model and then make a prediction for the target year. This approach is an extensively

used cross-validation method because of its simplicity, universality, and superiority in avoiding the issue of over-fitting. In315
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this study, we utilize the mean absolute error (MAE) to provide an overall assessment of the forecast accuracy for weekly

precipitation anomalies. The MAE is calculated as follows:

MAE =
1
n

n∑

i=1

|yi− ŷi| (8)

where n is the total number of data (sample size), yi is the actual value of the i-th data point, and ŷi is the corresponding

predicted value. The mean absolute error, which quantifies the absolute difference between the values predicted by the model320

and the observations, is a positive metric. Thus, the closer the value of this average error tends towards zero, the more the

model’s predictive performance is judged to be excellent. A low MAE therefore demonstrates high accuracy of the forecasts

generated by the model compared to actual measurements.

Additionally, we used the Pearson correlation coefficient to evaluate the linear relationship between the predicted and ob-

served values. The Pearson correlation coefficient is calculated as follows:325

r =
∑n

i=1(yi− y)(ŷi− ŷ)
√∑n

i=1(yi− y)2
√∑n

i=1(ŷi− ŷ)2
(9)

where y and ŷ are the means of the actual and predicted values, respectively. The Pearson correlation coefficient, r, ranges

from -1 to 1, where values closer to 1 indicate a strong positive linear relationship, values closer to -1 indicate a strong negative

linear relationship, and values around 0 indicate no linear relationship.

By computing both the MAE and the Pearson correlation coefficient (or anomaly correlation coefficient - ACC), we can330

provide a comprehensive evaluation of the model’s performance in predicting weekly precipitation anomalies.

3 Results

3.1 Assessment of S2S Model Performance for Precipitation Forecasting

In this section, we evaluate the quality of weekly precipitation hindcasts over West Africa using deterministic forecast verifi-

cation metrics. The assessment covers the period from May to September during 1999-2010, focusing on three selected S2S335

models, namely, ECMWF, UKMO, and NCEP (for details on these models, see Section 2.1.4). Figure 5 illustrates the correla-

tion between the hindcast ensemble mean and observed anomalies of accumulated precipitation for each S2S model at different

weekly lead times. The highest associations are observed at week 1, with correlations decreasing as the lead time increases.

Significant correlations are primarily found in countries such as Senegal, Mauritania, Niger, Nigeria, and Burkina Faso, notably

during the first and second weeks, with positive correlations persisting across all lead times in Senegal. Weak associations are340

seen for lead times from 3 to 4 weeks ahead, particularly over the Sahel. A comparison between models reveals that UKMO

outperforms ECMWF and NCEP in several Sahelian areas, including Senegal, Chad, and the coastal countries of the Gulf of

Guinea. This finding aligns with the results of de Andrade et al. (2021), who demonstrated significant correlations up to week

4 over West Africa near the Gulf of Guinea for almost all models.
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Figure 5. Anomaly correlation coefficient (ACC) between hindcast ensemble mean and observed accumulated precipitation anomalies

(CHIRPS) for each S2S model (rows) during weeks 1 to 4 (columns). Models are initialized from May to September over the 1999-2010

period in West African countries. Stippling indicates statistically significant values at the 95% confidence level.

3.2 Comparative Analysis of Machine Learning Models for Precipitation Forecasting345

We use six ML algorithms, detailed in the methods section: Ridge, LR, RF, SVM, Adaboost, and MLP (see section 2.2.3 for

details). We then calculate the ensemble average of these models (hereinafter mean–ML). Figure 6 shows the MAE and ACC

of weekly precipitation anomalies predicted by the different ML algorithms, as well as their ensemble average. The results

show higher predictive ability for Ridge Regression in terms of ACC and MAE for all forecast intervals, followed by the LR

model. This suggests that the Ridge method further enhances prediction skill across all intervals, yielding this technique for350

our subsequent analysis.
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Figure 6. Cross-validated scores for forecasting weekly precipitation anomalies at different lead times during JJAS (1982-2019) in Senegal.

Left: MAE. Right: ACC. Colors represent different ML models and their ensemble mean (mean–ML).

3.3 Predictive Performance of Individual and Combined Predictors

To better understand the primary sources of predictability for intra-seasonal precipitation, we employ the Ridge regression

model for each predictor (i.e., atmospheric and/or oceanic fields) individually. Figure 7 presents a comparison of MAE and

ACC for forecasts of weekly precipitation anomalies obtained from different predictors. Overall, predictors such as OLR,355

U200, and U850 demonstrate high predictive ability (low MAE values and high ACC values) compared to predictors such

as H200, H500, and H850 for nearly all lead times. This finding aligns with the ACC values shown in Fig. 3. The skillful

predictors (OLR, U200, and U850) exhibit stronger linear relationships with precipitation, with OLR showing the strongest

association. These results suggest that ISO signals from OLR, U200, and U850 contribute significantly to the prediction skill

of sub-seasonal precipitation. Notably, as we move to longer timescales, ACC scores are generally influenced not only by OLR360

(as seen for shorter leads, such as week 0) but also increasingly by other variables, particularly SST (e.g., highest ACC for week

5), which is physically consistent, as the ocean operates on longer timescales due to its higher heat capacity and lower thermal

inertia. For lead times of 2-4 weeks, U200 and U850 also exert some influence, which aligns with the fact that atmospheric

circulation (i.e., winds) impact weather patterns on the ground. Comparing the Ridge regression model built with a single

predictor to the one built with all atmospheric predictors (denoted as All-atm), we find that the latter enhances forecasting365

capability. This improvement is even more evident when all atmospheric and oceanic predictors (denoted as All in Figure 7)

are incorporated, thereby enhancing the predictive ability of the model. These results indicate enhanced forecast accuracy of

intraseasonal precipitation with the simultaneous inclusion of different predictors, suggesting the relative relevance of oceanic

and atmospheric variables under longer and shorter lead times, respectively.
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Figure 7. Cross-validated scores for weekly precipitation anomaly forecasts during JJAS 1982-2019 in Senegal. Left: MAE. Right: ACC.

Rows represent different lead times. Columns show individual predictors, "All-atm" (all atmospheric signals), and "All" (all atmospheric

and oceanic signals).

3.4 Spatial Variability in Forecast Accuracy for Weekly Precipitation Anomalies370

In this section, we focus on the spatial aspects of prediction skill for weekly precipitation anomalies in Senegal, the core region

of interest. Figure 8 illustrates the cross-validated MAE obtained from a Ridge regression model for subseasonal forecasts of

weekly precipitation anomalies. The analysis covers the period from June to September, 1982 to 2019, across Senegal under

different weekly lead times. The 6-panel block on the left depicts the results using intraseasonal SST predictors. A northwest-

southeast gradient of MAE values is observed, consistent across lead times. Relatively lower MAE values are consistent375

in the northwestern area of Senegal across the different lead times, indicating higher model performance. In contrast, the

southeastern part of the country exhibits higher MAE values, showing moderate prediction skill. The apparent improvement in

model performance as lead time increases is attributed to the longer-term predictive capability of ocean-atmosphere interactions

compared to local atmospheric predictors. The block to the right in Figure 8 presents the cross-validated MAE using solely

intraseasonal atmospheric variables as predictors. The spatial pattern follows a similar northwest-southeast gradient as the380

previous case for the oceanic predictors. Model performance improves under shorter lead times and in the northwest region

with a gradual decline towards the southeast. Figure 9 shows the results of evaluating the performance of the Ridge regression

model using both intraseasonal atmospheric and oceanic variables as predictors. As in the previous cases, cross-validated

MAE scores reveal a persistent northwest-southeast gradient for all lead times. Decreased predictive ability (increased MAE

scores) is observed as lead time increases. These spatial variations can be attributed to the differential contributions between385

atmospheric and oceanic variables according to lead times and impact regions. Given the similarity between Figure 9 and

the atmospheric predictors-only block in Figure 8 (right panels), atmospheric signals appear to play a more prominent role

in precipitation forecasting compared to SST variations when it comes to the subseasonal time scale (up to week 5 lead

time). This is attributed to longer lead times in the significant response of precipitation to SST forcing, particularly in the
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southeastern area of Senegal. When assessing the weekly precipitation forecast in Senegal using the ACC metric with all390

predictors (supplementary material), we observe a significant decline in ACC as the forecast lead time increases, which further

underscores the challenges in maintaining high prediction skill at longer lead times.

Figure 8. Spatial variability of cross-validated MAE using the Ridge regression model for subseasonal forecasts of weekly precipitation

anomalies during JJAS (1982-2019) in Senegal under different lead times (indicated above the panels). Results are shown in two 6-panel

blocks: (Left) using SST predictors; (right) using all atmospheric signals (All-atm) as predictors.
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Figure 9. Spatial variability of cross-validated MAE using the Ridge regression model for subseasonal forecasts of weekly precipitation

anomalies during JJAS (1982-2019) in Senegal under different lead times (indicated above the panels). Predictors include both intraseasonal

atmospheric and oceanic variables.

However, the model performance evaluation using LOYO validation (see supplementary material) reveals a similar MAE

gradient but with significantly lower values than those obtained with standard cross-validation (Figure 9). This indicates that

models trained with LOYO validation are considerably more effective. This improvement can be attributed to the fact that395

LOYO validation leverages a more diverse training set by excluding an entire year at each iteration, allowing the model

to be less biased by year-specific variations and better generalize to unseen data. In contrast, standard cross-validation, by

randomly mixing training and test data, can overestimate model performance by incorporating temporally close information

between training and validation. The same result is observed when considering other metrics such as ACC and RMSE (see
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supplementary material). This is why we used the outputs of models trained with LOYO validation to compare them with our400

three models from the S2S database.

3.5 Comparative Analysis of ML and S2S Models for Precipitation Forecasting

This section presents a comprehensive comparison between the top-performing ML models and S2S models in forecasting

precipitation in Senegal. Figure 10 illustrates the ACC between the ML approaches that relatively show the best predictive

ability (Ridge, LR) and GCM-based models from the S2S database (ECMWF, UKMO, and NCEP). We noticed that UKMO405

seems more skillful than ECMWF and NCEP over Senegal for weeks 1 and 2. For all S2S models (GCM-based models), ACC

scores show a consistent degradation as forecast lead time increases. Statistically significant ACC values are observed during

weeks 1 and 2, spreading over much of Senegal, particularly for the UKMO and NCEP models, while ECMWF’s predictive

skill is limited even under short lead times, being confined mainly to the coastal band. The remarkable improvement in skill

is evident for ML-based models (Ridge, LR), which exhibit significant positive ACC values for all lead times, extending to410

the entire country. The improvement with respect to S2S models is outstanding as the prediction horizon increases, placing

ML models as an efficient complement or even alternative to GCM-based subseasonal forecast systems. These performance

differences are further explored in Figure 11. It depicts the regionally averaged ACC scores, as a function of forecast lead

times, for both S2S and ML models. The result unequivocally shows that ML models outperform S2S.
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Figure 10. Comparison of spatial ACC scores between S2S and top-performing ML models calculated between precipitation hindcasts and

observations for the June-September 1999-2010 study period. From top to bottom row, S2S models are the ECMWF, UKMO and NCEP,

respectively. ML models are Ridge and RL, respectively. From left to right, each column represents weekly forecast lead time from 1 to 4.

Stippling indicates statistically significant ACC at the 95% confidence level.
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Figure 11. Regionally averaged ACC scores as a function of forecast lead time from 1 to 4 weeks. Eidge and LR (ML models), ECMWF,

UKMO and NCEP (S2S models). Different models are represented by colors (see labels within the panels).

In the southeastern region of Senegal, all models, particularly the S2S models, exhibit a notable skill degradation. This dimin-415

ished forecast accuracy stems from the unique geographical characteristics of the region, including the presence of vegetation

associated with land-atmosphere interactions that plays a role in precipitation formation. This emphasizes the significance of

considering these geographical factors when analyzing and predicting weather phenomena in Senegal, and highlights potential

avenues for enhancing the accuracy of prediction models in the future. Our comparative analysis underscores the remarkable

potential of ML approaches in improving subseasonal precipitation forecasting in Senegal. The remarkable performance of420

these approaches, both spatially and for longer lead times, indicate the added value of ML to provide supplementary insights

alongside existing dynamical forecasting systems. In the immediate future, while further work is needed to improve GCMs

to achieve a better understanding of the physical mechanisms underlying climate predictability, ML techniques are highly

valuable to improve the quality of subseasonal forecast, leading to more reliable predictions of precipitation, crucial for water

resource management, agricultural planning, and risk assessment.425

4 Conclusion and Discussion

Through this study, we advance on the field of sub-seasonal to seasonal precipitation forecasting in Senegal by leveraging

state-of-the-art ML techniques, namely, Ridge regression, LR, RF, SVM, Adaboost, and MLP. As a starting point, our ap-
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proach introduced a comprehensive analysis of the links between various intra-seasonal atmospheric and oceanic signals, and

observed precipitation patterns in Senegal. In this framework, we conducted an in-depth examination of spatiotemporal cor-430

relations between atmospheric (U850, U200, OLR, H850, H500, and H200) and oceanic (SST) variables, and precipitation.

With this analysis, we identified regions of statistically significant ACC scores, serving to construct spatiotemporal covariance

models to define our set of predictors through the summation of the product of the covariance fields and intra-seasonal signals.

To evaluate the performance of ML models, we used MAE and ACC metrics. The results were rigorously compared over

the period 1982-2019 using a leave-one-year-out cross-validation method, showing that ML models provide skillful weekly435

precipitation forecasts for Senegal. Notably, the Ridge regression model consistently outperformed all other models and the

ensemble mean across almost all lead times. Our analysis of individual sets of predictors, separating between atmospheric

and oceanic variables, revealed that OLR, U200, and U850 contributed most significantly to improving the prediction skill of

sub-seasonal precipitation under shorter lead times, particularly OLR. As the prediction horizon increases, oceanic variables

improve their forecast ability, while atmospheric signals alone showed progressive skill degradation. As a third case study, the440

combination of both atmospheric and oceanic predictors enhanced forecasting skill-scores. This shift in the primary drivers of

predictability from atmospheric to oceanic factors as forecast lead time increases occurs because oceans have a much greater

heat capacity and thermal inertia than the atmosphere, allowing SST to maintain and gradually release energy over extended

periods. As a result, oceanic conditions become increasingly important for longer lead times, providing a "memory" to the

climate system that extends predictability beyond the chaotic limits of atmospheric processes alone e.g.,(Mariotti et al., 2018;445

Bach et al., 2019). On the side of the GCM-based models used in our study (NCEP, ECMWF and UKMO), we found a pro-

nounced degradation in prediction skill as forecast lead time increases, with UKMO showing enhanced performance. Our

comparative analysis against ML approaches revealed the potential of ML for subseasonal-to-seasonal forecasting, particularly

for longer lead times, enhancing sub-seasonal forecasting performance compared to GCM-based systems. It is worth noting

that GCMs often struggle to accurately represent the complex climate variability in West Africa, particularly the WAM dy-450

namics (Rodrigues et al., 2014). Specific challenges are in simulating key features like the African Easterly Jet, mesoscale

convective systems, and the interactions between land surface processes and atmospheric circulation (Roehrig et al., 2013;

Kniffka et al., 2020). Consequently, GCM-based forecasts for West Africa often exhibit moderate skill scores, particularly for

precipitation, supporting the results found in this work. While ML models used in this work do not inherently yield physical

causality, they offer valuable insights into the underlying climate dynamics. The careful selection of predictors, combined with455

our existing knowledge of the mechanisms associated with oceanic and atmospheric climate drivers, allows these ML models

to provide a certain degree of physical interpretability. This approach bridges the gap between purely statistical forecasting

and process-based understanding, potentially offering new perspectives on the complex interactions governing West African

climate variability. We identify certain limitations in our approach regarding model robustness, which could be improved by

incorporating predictors to consider land-atmosphere interactions. Thus, future research directions include:460

– Integrating ground observations from Senegal to enhance model robustness by considering spatial features. Additional

explanatory variables include, but are not limited to topography, vegetation cover and soil moisture.
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– Applying localized ML models based on homogeneous climatic zones.

– Using physics informed ML (PIML) models.

Our application in Senegal demonstrates the substantial potential of ML for improved sub-seasonal to seasonal forecasting465

in West African countries, bridging the gap between weather and climate predictions. Despite limitations, the operational

deployment of these models could significantly advance hydrometeorological risk assessment and water resource management,

with far-reaching implications for the predominant rain-fed agriculture sector. Furthermore, the methods we have evaluated

can be extended to other regions with different climatic features, allowing for broader application and impact of ML-based

forecasting approaches.470
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