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ABSTRACT: Numerical weather prediction (NWP) models struggle to skillfully predict tropical precipitation occurrence
and amount, calling for alternative approaches. For instance, it has been shown that fairly simple, purely data-driven logis-
tic regression models for 24-h precipitation occurrence outperform both climatological and NWP forecasts for the West
African summer monsoon. More complex neural network-based approaches, however, remain underdeveloped due to the
non-Gaussian character of precipitation. In this study, we develop, apply, and evaluate a novel two-stage approach, where
we train a U-Net convolutional neural network (CNN) model on gridded rainfall data to obtain a deterministic forecast
and then apply the recently developed, nonparametric Easy Uncertainty Quantification (EasyUQ) approach to convert it
into a probabilistic forecast. We evaluate CNN+EasyUQ for 1-day-ahead 24-h accumulated precipitation forecasts over
northern tropical Africa for 2011-19, with the Integrated Multi-satellitE Retrievals for GPM (IMERG) data serving as
ground truth. In the most comprehensive assessment to date, we compare CNN+EasyUQ to state-of-the-art physics-based
and data-driven approaches such as monthly probabilistic climatology, raw and postprocessed ensemble forecasts from the
European Centre for Medium-Range Weather Forecasts (ECMWF), and traditional statistical approaches that use up to
25 predictor variables from IMERG and the ERAS reanalysis. Generally, statistical approaches perform about on par with
postprocessed ECMWF ensemble forecasts. The CNN+EasyUQ approach, however, clearly outperforms all competitors
in terms of both occurrence and amount. Hybrid methods that merge CNN+EasyUQ and physics-based forecasts show
slight further improvement. Thus, the CNN+EasyUQ approach can likely improve operational probabilistic forecasts of
rainfall in the tropics and potentially even beyond.

SIGNIFICANCE STATEMENT: Precipitation forecasts in the tropics remain a great challenge despite their enor-
mous potential to create socioeconomic benefits in sectors such as food and energy production. Here, we develop a
purely data-driven, machine learning-based prediction model that outperforms traditional, physics-based approaches
to 1-day-ahead forecasts of rainfall occurrence and rainfall amount over northern tropical Africa in terms of both fore-
cast skill and computational costs. A combined data-driven and physics-based (hybrid) approach yields further (slight)
improvement in terms of forecast skill. These results suggest new avenues to more accurate and more resource-efficient
operational precipitation forecasts in the Global South.

KEYWORDS: Africa; Precipitation; Forecast verification/skill; Probabilistic Quantitative Precipitation Forecasting (PQPF);
Statistical forecasting; Neural networks

1. Introduction explanation is the exceptionally high degree of convective
organization over tropical Africa (Nesbitt et al. 2006; Roca
et al. 2014), a process that is difficult to capture with the convec-
tive parameterization of NWP models (Vogel et al. 2018) al-
though recent developments show some promise (Becker et al.
2021). Statistical postprocessing, spatial averaging, or temporal ag-
gregation leads to improvements in the skill of raw NWP ensem-
ble gridpoint forecasts in tropical Africa (Vogel et al. 2020;
Stellingwerf et al. 2021; Gebremichael et al. 2022; Ageet et al.
2023), yet in regions of particularly poor performance of the oper-
ational forecast systems, viz., West and central equatorial Africa,
the forecast gain over climatology is limited.
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Despite the continuous improvement of numerical weather
prediction (NWP) models, precipitation forecasts in the tropics
remain a great challenge. Several studies (Haiden et al. 2012;
Vogel et al. 2020) have shown that NWP models have diffi-
culties in outperforming climatological forecasts. A possible
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0003.s1. et al. (2020) implement a fairly simple purely data-driven logis-
tic regression model for 24-h precipitation occurrence, which
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monsoon season in West Africa. The predictor variables are de-
signed by exploiting spatial-temporal coherence patterns as de-
veloped and investigated further in Rasheeda Satheesh et al.
(2023). To this end, the rainfall at each grid point is correlated
with the rainfall at all other locations from 1, 2, and 3 days be-
fore using the coefficient of predictive ability (CPA) measure
(Gneiting and Walz 2022). The locations showing highest CPA
for 1, 2, and 3 days before, respectively, are selected as predictor
variables in the logistic regression model. The good perfor-
mance of this simple logistic model, which is related to coher-
ent, tropical-wave-driven spatial propagation of precipitation
features in West Africa (Rasheeda Satheesh et al. 2023), moti-
vates the development of more sophisticated data-driven mod-
els and the usage of additional weather quantities linked to
rainfall occurrence and amount.

Vogel et al. (2021) and Rasheeda Satheesh et al. (2023)
have only investigated the skill of probability forecasts for the
binary problem of precipitation occurrence. In this paper, the
more challenging problem of producing accurate probabilistic
forecasts for accumulated precipitation, a nonnegative real-
valued variable, is considered. Precipitation accumulation is
generally considered the “most difficult weather variable to
forecast” (Ebert-Uphoff and Hilburn 2023). Indeed, precipi-
tation accumulation follows a mixture distribution with a point
mass at zero—namely, for no precipitation—and a continuous
part on the positive real numbers. Therefore, despite the sweep-
ing rise of data-driven weather prediction (Ben Bouallégue et al.
2024) and rapid progress in data-driven nowcasting of precipita-
tion (Ayzel et al. 2020; Lagerquist et al. 2021; Ravuri et al. 2021;
Schroeder de Witt et al. 2021; Espeholt et al. 2022; Zhang et al.
2023), the development of machine learning-based methods for
data-driven probabilistic quantitative precipitation forecasts—at
least for lead times larger than 12 h—has been lagging. For
example, precipitation was “not investigated” (Bi et al. 2023,
p- 537) by the Pangu-Weather team and “left out of the scope”
of the GraphCast development because “precipitation is sparse
and non-Gaussian and would have possibly required different
modeling decisions than the other variables” (Lam et al. 2023,
p- 1421). We address these challenges by developing a novel two-
stage CNN+EasyUQ approach, where we first train a U-Net
convolutional neural network (CNN) model to obtain a single-
valued deterministic forecast and then use the Easy Uncertainty
Quantification (EasyUQ) approach developed by Walz et al.
(2024) to convert the deterministic forecast into a probabilistic
forecast.

The paper is structured as follows. Section 2 introduces the
data used in the analysis and reviews the methods and metrics
used throughout the paper. Then, an overview of weather
quantities which are known to be linked to precipitation and
thus are candidates for predictor variables is provided in
section 3. Different types of forecasting models are described
in section 4. Importantly, we compare the CNN+EasyUQ
forecasts to a comprehensive suite of state-of-the-art methods
that include physics-based raw NWP ensemble forecasts, post-
processed NWP forecasts, data-driven statistical forecasts
based on logistic regression and distributional (single) index
models (DIMs), and combined statistical-dynamical (hybrid)

Brought to you by KARLSRUHE INSTITUTE F.

MONTHLY WEATHER REVIEW

VOLUME 152

approaches. Results from this comparison are presented in
section 5 with the main conclusions and outlook in section 6.

2. Data and methods

In this study, we use data from three different sources. The
arguably best currently available high-resolution, gauge-
calibrated, gridded precipitation product, the Integrated
Multi-satellitE Retrievals for GPM (IMERG; Huffman et al.
2020), serves as ground truth for precipitation. The fifth major
global reanalysis produced by European Centre for Medium-
Range Weather Forecasts (ECMWF) (ERAS; Hersbach et al.
2020) is used to obtain estimates of other weather quantities.
Finally, NWP forecasts, namely, the high-resolution (HRES)
run and the full ECMWEF ensemble prediction system (EPS),
are available from the ECMWF’s Meteorological Archival
and Retrieval System (MARS; ECMWF 2018).

The evaluation domain, visualized in Fig. 1, is northern
tropical Africa, represented by 19 X 61 grid boxes centered at
0°-18°N and 25°W-35°E, respectively, similar to the setup in
Vogel et al. (2020) and Rasheeda Satheesh et al. (2023). Five
distinct seasons are considered as identified previously (Fink
et al. 2017; Maranan et al. 2018): December—February (DJF),
which is the dry season with occasional showers along the
Guinea Coast; the March-April (MA) period, which features
highly organized mesoscale convective systems (MCSs) at the
Guinea Coast and the coastal hinterland; May-June (MJ), the
major rainy season along most parts of the Guinea Coast;
July-September (JAS), the major rainy season in the Sahel
and the little dry season at the coast; and October—-November
(ON), the second, weaker rainy season at the Guinea Coast.
To avoid cutting seasonal periods at the beginning or the end
of the time period under investigation, the time period consid-
ered starts 1 December 2000 and ends 30 November 2019,
with 24-h forecasts of precipitation amount and precipitation
occurrence for 1 December 2010-30 November 2019 being
evaluated. Importantly, the analysis and evaluation are per-
formed over land only, and we identify a grid box with the
grid point at its center. From now on, when we refer to grid
boxes or grid points, we only mean boxes or points on land.

a. GPM IMERG rainfall data

We use the GPM IMERG VO06B final version (Hou et al.
2014; Huffman et al. 2020) to calculate 24-h accumulated pre-
cipitation from 0600 to 0600 UTC for the period under inves-
tigation. GPM IMERG has a temporal resolution of 30 min
and a spatial resolution of 0.1° X 0.1°. The data were re-
gridded to a resolution of 1° X 1° using first-order conserva-
tive remapping. As we also consider 24-h rainfall occurrence,
we threshold at 0.2 mm to obtain a binary event variable rep-
resenting precipitation occurrence.

The GPM IMERG algorithm uses both radar-calibrated micro-
wave radiance from polar-orbiting satellites and infrared radiance
from geostationary satellites. In the final version, the precipitation
totals are calibrated with rain gauge measurements provided by
the Global Precipitation Climatology Centre (GPCC; Schneider
et al. 2015). The degree to which the original estimates are ad-
justed by the gauge calibration process within a given region is
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FIG. 1. Overview of the study area. Following Rasheeda Satheesh et al. (2023), we consider an evaluation domain over northern tropical
Africa that comprises 19 X 61 grid boxes with centers spanning from 0° to 18°N in latitude and 25°W to 35°E in longitude. The analysis is
over land only, and shading indicates altitude in meters, based on the ERAS land—sea mask.

generally determined by the number of available rain gauges,
which is highly variable across the tropics.

b. Predictor variables from ERAS

Our study considers a range of meteorological variables,
specified in section 3b, as predictor variables for statistical mod-
els. Specifically, we use the ERAS reanalysis (Hersbach et al.
2020), which provides a complete and consistent coverage of
the study domain by combining model data with observations.
For this study, the resolution of the data is 1° X 1° just like for
GPM IMERG. In contrast to 24-h accumulated precipitation,
the considered ERAS weather quantities are instantaneous val-
ues at 0000 UTC, thus 6 h before the 24-h accumulation period
for GPM IMERG starts. This way, observed ambient condi-
tions well before the rainfall begins get considered. For an oper-
ational implementation of the respective statistical methods,
operational analysis data would need to be used, as ERAS is
not available in near-real time. We do not expect this to make
a big difference to our results since the operational analysis and
ERAS are both produced with ECMWEF’s IFS and therefore
are quite similar. Furthermore, while it is true that NWP models
can react sensitively to changes in initial conditions, our statisti-
cal models mostly pick up on “well behaved” smooth fields
such as column water vapor.

c¢. Physics-based forecasts from ECMWF

We now describe the NWP forecasts used in this study,
namely, the ECMWF HRES model and EPS (Molteni et al.
1996). Owing to the high resolution and the initialization with
the most accurate analysis product, the HRES model is argu-
ably the leading global deterministic NWP forecast available.
As an operational product, HRES has changed considerably
over time in frequent updates (ECMWF 2023a,b). The ECMWF
EPS consists of one control run and 50 perturbed members. Like
the HRES model, the control run is based on the most accurate
initial state of the atmosphere. The perturbed members start
from slightly different initial conditions and use perturbed physics
options. We use the operational EPS rather than the ECMWF
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reforecast ensemble, as the latter is only available twice a week
and has fewer members (ECMWF 2021).

The forecasts are available from MARS in a grid resolution
of 0.25° X 0.25° and are first order conservatively remapped
to a resolution of 1° X 1°. HRES forecasts for total precipita-
tion are obtained by summing forecasts for large-scale precip-
itation and convective precipitation, which are available since
April 2001. For the EPS, total precipitation is available since
April 2006. To cover an equal number of seasons, we use data
starting in December 2001 and December 2006, respectively.
To obtain forecasts for 24-h precipitation amount, the differ-
ence between forecasts of accumulated precipitation initial-
ized at 0000 UTC with lead times of 30 and 6 h is computed.
To compute the EPS forecast probability for the occurrence
of precipitation, the member forecasts are thresholded at
0.2 mm, and the respective binary outcomes are averaged.

We proceed to review statistical methods and evaluation
metrics used throughout the paper.

d. EasyUQ

Forecasts ought to take the form of probability distribu-
tions to account for uncertainty. In NWP, probabilistic fore-
casts have become common practice with the operational
implementation of ensemble systems (Molteni et al. 1996;
Bauer et al. 2015). To quantify uncertainty in very general
settings, Walz et al. (2024) introduced EasyUQ, an easy-to-
implement method which transforms real-valued determinis-
tic model output into calibrated statistical distributions. EasyUQ
is trained on pairs of deterministic forecasts and corresponding
outcomes and is thus independent of the type of model used to
generate the single-valued forecasts. In particular, EasyUQ can
be applied to the output of any NWP, statistical, or machine
learning model that generates deterministic forecasts. The EasyUQ
forecast distributions are discrete and have mass exclusively at
the observation values in the training set. Precipitation accumu-
lation follows a mixture distribution with a point mass at zero
and a continuous part on the positive real numbers. However,
rainfall amounts typically are reported in small but fixed incre-
ments, so strictly speaking, the distribution of the observation
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values on the positive real numbers is discrete as well. The
EasyUQ forecast distributions adapt naturally to the level of
discretization in the observation values in the training set, with-
out any need for tuning.

In its basic form, which we use in this study, EasyUQ is a
special case of isotonic distributional regression (IDR; Henzi
et al. 2021). In contrast to NWP ensemble systems, which
have high computational costs and require the use of super-
computers (Bauer et al. 2015), the application of EasyUQ to
deterministic model output has obvious advantages in terms
of the efficient usage of computational resources (Walz et al.
2024, section 3.4).

e. Evaluation metrics

In our study, we compare methods for probabilistic forecasts
of precipitation amount, where the outcome is real-valued, and
probability forecasts of precipitation occurrence, where the out-
come is binary. In both cases, we follow extant practice and use
proper scoring rules (Gneiting and Raftery 2007).

In the setting of probability forecasts, we use the Brier
score (BS) to quantify predictive performance based on a col-
lection of pairs (py, y1), ..., (Pn, yu) Of predictive probabilities
and associated binary outcomes. Specifically, we compute the
mean score as follows:

BS = L Y BS(,. ) = - X (5, - 3 (1)
i=1 ni=1

In the case of precipitation amount, we use the continuous
ranked probability score (CRPS) for an assessment based on
a collection of pairs (Fy, y1), ..., (F,, y,) of probabilistic fore-
casts and associated real-valued outcomes. Comparisons are
in terms of the mean score

1 n 1 n 00
CRPS = ;; CRPS(F, y,) = ;ZJ [Fi(z) — {z = y}I*dz,
= i=1J—w

@

where F; is interpreted as a cumulative distribution function.
To facilitate the assessment of forecast performance relative
to a baseline, skill scores can be used, defined as the quantity
(Ebasc - gfcst)/gbasc, where gfcst is the mean score of the
forecast at hand and S, is the mean score of the baseline. A
positive Brier or CRPS skill score corresponds to predictive per-
formance better than the baseline; a negative Brier or CRPS skill
score corresponds to predictive performance worse than the
baseline.

For a more informative, diagnostic comparison between forecast
methods, we apply the consistency, optimalilty, reproducibility,
and pool-adjacent-violators algorithm-based (CORP) decomposi-
tion of Dimitriadis et al. (2021) and the isotonicity-based decompo-
sition of Arnold et al. (2023) to a mean score S from Eq. (1) or
Eq. (2), respectively. The decompositions express S in terms of in-
terpretable components, in that

S = MCB — DSC + UNC, 3)

where the miscalibration (MCB) component quantifies the
(lack of) calibration or reliability of the forecasts (the lower,
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the better), the discrimination (DSC) term refers to the dis-
crimination ability or resolution of the forecasts (the higher,
the better), and the uncertainty (UNC) component is inde-
pendent of the forecasts and a property of the outcomes only.
For details, we refer to the original work of Dimitriadis et al.
(2021) and Arnold et al. (2023).

3. Predictor variables for data-driven forecasts

In this section, we discuss and analyze potential predictor
variables for data-driven forecasting methods. We distinguish
predictor variables computed from IMERG data based on
spatiotemporal rainfall correlation and predictor variables
based on ERAS. The initial selection of the variables stems
from meteorological expertise.

a. Correlated rainfall predictors from IMERG

Vogel et al. (2021) introduced a logistic regression model to
produce probability forecasts for the binary outcome of pre-
cipitation occurrence. As predictors, they used precipitation
data with a lag of 1 and 2 days at locations with maximum
positive and minimum negative Spearman’s rank correlation
coefficient. Rasheeda Satheesh et al. (2023) noted that due to
propagating rainfall systems, positive dependencies carry the
most useful information, occasionally reaching 3 days back-
ward in time. Moreover, they suggested a replacement of
Spearman’s rank correlation coefficient by the recently devel-
oped CPA (Gneiting and Walz 2022) measure. In general,
CPA is asymmetric, with the predictor variable and the out-
come taking clearly identified roles, as for the classical area
under the receiver operating characteristic (ROC) curve
(AUC) measure, to which CPA reduces when the outcomes
are binary. When both the predictor variable and the outcome
are continuous variables, CPA becomes symmetric and equals
Spearman’s rank correlation coefficient, up to a linear trans-
formation (Gneiting and Walz 2022). AUC or CPA values
above 0.5 correspond to positive dependencies, and values
below 0.5 correspond to negative dependencies.

Given these insights, the statistical models in section 4c use
three correlated precipitation predictor variables, by identify-
ing the grid points with maximum CPA at a temporal lag of 1,
2, and 3 days, respectively. Following Rasheeda Satheesh et al.
(2023), correlated locations are identified within an enlarged
region that comprises 68°W-50°E and 0°-20°N, as compared
to the evaluation domain depicted in Fig. 1, which ranges
from 25°W to 35°E and from 0° to 18°N.

b. Predictor variables from ERAS reanalysis

In addition to the correlated precipitation information, var-
ious meteorological variables from ERAS are considered pre-
dictors (Table 1). For a summary of how environmental
conditions affect convection, see Maranan et al. (2018). Un-
less noted otherwise, the variables are instantaneous quanti-
ties at 0000 UTC. The first four variables in Table 1 are
vertically integrated measures of water in different forms.
Total column water vapor (TCWYV) has been shown to be a
promising predictor for precipitation by Lafore et al. (2017a);
Schroeder de Witt et al. (2021) use cloud information such as
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Meteorological variable Acronym
Total column water vapor TCWV
Vertically integrated moisture divergence VIMD
Total column cloud liquid water TCLW
Total cloud cover TCC
Convective available potential energy CAPE
Convective inhibition CIN
K index KX
2-m temperature T2
2-m dewpoint temperature D2
24-h surface pressure tendency SPT
Temperature at 850 hPa T850
Temperature at 500 hPa T500
Specific humidity at 925 hPa Q925
Specific humidity at 700 hPa Q700
Specific humidity at 600 hPa Q600
Specific humidity at 500 hPa Q500
Relative humidity at 500 hPa R500
Relative humidity at 300 hPa R300
Shear SHR
Streamfunction at 700 hPa w700

total column cloud liquid water (TCLW) and total cloud
cover (TCC) in their global statistical model. The second
group comprises the three classical measures of convective in-
stability: convective available potential energy (CAPE; the
theoretical maximum of thermodynamic energy that can be
converted into kinetic energy of vertical motion), convective
inhibition (CIN; the energy barrier that needs to be overcome
to reach the level of free convection), and K index (KX; based
on dry static vertical stability in the 850-500-hPa layer, abso-
lute humidity at 850 hPa, and relative humidity at 700 hPa).
CAPE and CIN have a complex relationship with precipita-
tion and should be considered together and in concert with
other parameters (Lafore et al. 2017b). Galvin (2010) demon-
strates the usefulness of KX in assessing convective rainfall
probability in relation to African easterly waves (AEWs).

The third group [2-m temperature (T2), 2-m dewpoint tem-
perature (D2), and 24-h surface pressure tendency (SPT)] rep-
resents near-surface conditions. The former two are closely
related to the equivalent potential temperature of a starting
convective air parcel, thereby influencing the level of cumulus
condensation and free convection and thus CIN and CAPE,
and have been shown to impact the intensity of convection in
West Africa (Nicholls and Mohr 2010). SPT, the tendency
from 0000 UTC of the day for which the prediction is made to
0000 UTC of the previous day, can be related to AEW propaga-
tion and rainfall (Regula 1936; Hubert 1939). The fourth group
characterizes thermodynamic conditions in the boundary layer
and free troposphere between 925 and 300 hPa. For temperature,
we consider 850 and 500 hPa representing lower-tropospheric
stability (as in KX). As moisture generally shows complex verti-
cal structures, 925, 700, 600, and 500 hPa are chosen for specific
humidity. For relative humidity, the mid- to upper-tropospheric
levels of 500 and 300 hPa were selected to indicate deep moist-
ening, which facilitates cloud formation and reduces the detri-
mental effects of entrainment on convective development.
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Midtropospheric relative humidity controls both rainfall en-
hancement by slow-moving tropical waves (Schlueter et al.
2019) and evaporation of rainfall and thus convective down-
drafts and mesoscale organization of convection (Klein et al.
2021). The last two entries in Table 1 are the circulation-
related variables shear (SHR; normalized difference of hori-
zontal wind at 600 and 925 hPa) and streamfunction at 700 hPa
(W700) representing midtropospheric streamlines. SHR influen-
ces the potential for mesoscale organization and longevity
through separating the areas of convective updrafts and down-
drafts as well as the generation of cold pools (Rotunno et al.
1988; Lafore et al. 2017a). Anomalies in ¥700 indicate variations
in the African easterly jet (AEJ), e.g., passages of troughs and
ridges of AEWs (Kiladis et al. 2006).

c. Statistical analysis of predictor variables

Thus far, the selection of predictor variables has been based
on meteorological expertise and findings from other publica-
tions. Here, we use the aforementioned AUC (for rainfall oc-
currence) and CPA (for amount) measures of Gneiting and
Walz (2022) (see section 3a) for a deeper analysis. In Figs. 2
and 3, we show AUC and CPA values for the 20 ERAS varia-
bles from Table 1. Both are computed in a collocated fashion
for each grid point in the evaluation domain (Fig. 1), and the
resulting distributions are represented by boxplots.

Figure 2a shows AUC values for the dry season DJF. Given
the overall low precipitation amount during this period, the
boxplots often stretch over large ranges, indicating marked
differences between grid points, and also large differences be-
tween the variables. Stable positive relations (i.e., AUC above
0.5) are found for moisture [TCWV and specific humidity at
500, 600, and 700 hPa (Q500, Q600, and Q700, respectively);
and relative humidity at 500 hPa (R500)], cloud (TCLW and
TCC), and instability variables (KX and CAPE), demonstrat-
ing a clear dependence on midtropospheric conditions, while
low-level [specific humidity at 925 hPa (Q925) and D2] and
upper-level [relative humidity at 300 hPa (R300)] variables
show a more ambiguous behavior. Other well-defined rela-
tions are positive with T2 and negative with temperature at
500 hPa (T500) and vertically integrated moisture divergence
(VIMD). As the variables are taken at 0000 UTC, the relation
to T2 may reflect warmer nights under moister and cloudier
skies. CIN, SPT, and ¥700 show weak AUC values close to
0.5. AUC values for temperature at 850 hPa (T850) cover a
wide range and stretch across 0.5, indicating that its impact
depends strongly on the situation.

The corresponding analysis for MA (Fig. 2b) shows an
overall less noisy behavior and AUC values more in line with
the spatially averaged annual value of CPA that determines
the order of the variables in all panels of Figs. 2 and 3. Com-
pared to DJF, a more stable relation to low-level moisture
(Q700, Q925, and D?2) is visible. There is a stronger relation
to CAPE with little changes in CIN. Other remarkable
changes are less dependence on cold T500 and even more am-
biguous relations to T850 and ¥700. The premonsoon season
MJ (Fig. 2c), when rainfalls begin to move inland, shows
many similarities to MA, but the point-to-point variability is
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FIG. 2. Boxplots of gridpoint AUC values between ERAS variables from Table 1 and precipitation occurrence in season (a) DJF,
(b) MA, (c) MJ, (d) JAS, and (e) ON. The arrangement of the predictor variables on the horizontal axis is in the order of the spatially av-
eraged CPA value for precipitation accumulation when CPA is computed without splitting into seasons. The orange marks in (a)-(e) and
the line plots in (f) indicate the mean AUC value over grid points for the season at hand. The box color from dark to light blue indicates
the rank from high to low of the seasonal mean AUC value, as shown beneath the box. In combination, this information allows us to iden-

tify differences between yearly vs seasonal perspectives.

smaller and AUC values tend to be closer to 0.5, while their
order mostly agrees to that based on annual CPAs. Remark-
able differences to MA are less dependence on T2 and clearer
relations to T850 and W700 (<0.5). The latter may indicate a
dependence of rainfall on the existence of cyclonic perturba-
tions such as AEWs. The general magnitude of AUC values
close to 0.5 is likely a reflection of the overall improved condi-
tions for convection, which makes individual storms less
dependent on particular circumstances, thereby creating a
higher degree of stochasticity [see also discussion in Rasheeda
Satheesh et al. (2023)]. This trend continues going into the
main monsoon season JAS (Fig. 2d) when most variables
show AUC values close to 0.5. Diminished ranges in the box-
plots indicate less local variability during a period when rains
penetrate deeply into the continent. As expected, in the post-
monsoon season ON (Fig. 2¢), conditions resemble those dis-
cussed for MA (Fig. 2b), even with slightly larger amplitudes.
Remarkable differences to MA are that rainfall occurrence
depends more on CIN and T2, possibly because, in ON, the
solar angle is already flatter and the daytime heating is further
dampened by the higher moisture availability after the rainy
season. As for DJF, rain depends on cold T500, and the rela-
tion to T850 is highly variable and can take both directions,
however, with a clear tendency to cooler conditions when rain
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occurs. ON also shows the clearest relation to cyclonic pertur-
bations as reflected in AUC values below 0.5 for ¥700. These
may grow in importance relative to other mechanisms, as trig-
gering by daytime heating weakens. Finally, Fig. 2f shows a
summary plot of mean AUC values for all five seasons. This
plot underlines the similar behavior of MJ and JAS (with a
consistently higher amplitude for MJ), as well as of MA and
ON (with a consistently higher amplitude for ON). DJF often
shows the highest magnitude, as rain depends strongly on un-
usual conditions to occur, but given the many dry days, the
overall behavior appears quite noisy.

The corresponding analysis for CPA is shown in Fig. 3. Over-
all, there are many similarities to Fig. 2, indicating that variables
that work as predictors for occurrence also work for amount.
This is particularly true for the wet part of the year (MJ, JAS,
and ON), where plots look largely identical (Figs. 3c—¢). For
MA (Fig. 3b), there is still large agreement across all variables,
but the magnitude of CPA values is smaller and the boxplots
have smaller ranges than for AUC. This indicates that in this
somewhat marginal rainfall season, the amount is harder to pre-
dict than occurrence. This trend is even more evident for the
dry DJF season (Fig. 3a) when some boxplots show a very small
range and magnitudes fall underneath those of ON on average,
as shown by the summary plot (Fig. 3f).
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FIG. 3. Asin Fig. 2, but for CPA and precipitation amount.

For an improved understanding of the ranges in the box-
plots, Fig. 4 shows the spatial pattern of CPA of selected me-
teorological variables exemplarily for the peak monsoon
season JAS. Consistent with the leftmost boxplot in Fig. 3d,
CPA values for TCWYV are at or above 0.5 almost everywhere
in the study region (Fig. 4a) while featuring an interesting
three-tier structure. Over northern parts of the domain, where
moisture is a general limiting factor, CPA values are high, es-
pecially over the dry eastern Sahel. Further south, along the
main rain belt and stretching into the Congo basin, CPA val-
ues are close to 0.5, indicating limitations through convective
triggering or stability rather than moisture availability. To the
south of the rain belt, i.e., along the Guinea Coast and over
the East African highlands, moisture appears to become a
limiting factor again. A very similar pattern but with a smaller
range emerges for KX (Fig. 4b). The largest differences to
TCWYV are found along the Guinea Coast, where conditions
are often close to moist neutral requiring a lifting mechanism
to produce rain (cf. Fig. 1.31 in Fink et al. 2017). Similar but
slightly northward-shifted structures are found for CAPE
(Fig. S1cin the online supplemental material).

A much larger range (0.35-0.75) but with a similar three-tier
structure is found for R500 and CIN (Figs. 4c,d). One would ex-
pect that a moister midtroposphere and less convective inhibi-
tion (recall that CIN is negatively oriented) enhances rainfall
amounts, so the behavior within the rain belt is somewhat coun-
terintuitive. The most likely explanation is that in areas of abun-
dant moisture and often neutral stratification, large rainfall
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amounts can most effectively be generated by organized con-
vective systems that require some barrier to accumulate CAPE
over the following day and a relatively dry midtroposphere to
allow rainfall evaporation and downdrafts, which in turn can
trigger new convection through cold pools [cf. Table 11.2 in
Lafore et al. (2017b)]. It is interesting to note that CPA for
TCC is similarly structured as R500, showing CPA values well
below 0.5 in the rain belt (Fig. Sla). Finally, CPA values for
T850 and ¥700 are both characterized by a marked north—
south division around 12°N (Figs. Sle,f). The patterns indicate
that in the north, high rainfall amounts are accompanied by
lower T850, likely indicating a northward progression of the
moist and cool monsoon layer, while in the south, warm air at
850 hPa may indicate more instability on the following day.
With respect to ¥700 low values in the north indicate that rain-
fall is accompanied by more cyclonic conditions, likely due to
the trough passage of AEWs, while in the south, weak anticy-
clonic conditions prevail.

Most meteorological variables from Table 1 show spatial
patterns akin to those in Fig. 4 though some feature hard-to-
interpret local signals that entail a wider range of CPA values
(e.g., T2 and SHR; see Figs. S1b,d). It is also worth mention-
ing that corresponding spatial structures for AUC largely
agree with CPA (not shown). Comparing JAS with the other
four seasons, we find a high consistency in the discussed pat-
terns that largely shift northward and southward with the sea-
sonal evolution of the West African monsoon system (not
shown).
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FI1G. 4. Spatial pattern of CPA between the ERAS predictors (a) TCWV, (b) KX, (c) R500, (d) CIN, (e) T850, and (f) ¥700 from Table 1
and precipitation amount in season JAS.

For the construction of statistical models, correlations be-
tween predictor variables matter, as they hinder interpreta-
tion and may yield unstable statistical parameters. Figure 5
visualizes Spearman’s rank correlation coefficients in JAS for
the 20 predictor variables from Table 1. We compute Spear-
man’s coefficient at each grid point and then average over

TEWV m 1.00
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Q500 0.75
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Q700
Q925 - 0.50
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FIG. 5. Spatially averaged Spearman’s rank correlation coefficient
in season JAS between the ERAS variables from Table 1.
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grid points. Note that here, we want the correlation coefficient
to be symmetric (in contrast to the asymmetric relation between
target and predictor variables). This analysis has been con-
ducted for all five seasons (Fig. S2), but due to the large similar-
ities between them, we discuss the peak monsoon season JAS
only. We return to these issues in sections 4c and Sa, where we
report on variable selection for our statistical models.

Not surprisingly, there are generally high correlations be-
tween the moisture variables (TCWV, Q500, Q600, Q700,
Q925, D2, TCLW, R500, R300, and TCC), and it is notewor-
thy that R500 is more strongly correlated to Q500 than T500.
KX and CAPE show considerably different patterns, with KX
being highly correlated with the moisture variables but sur-
prisingly also associated with cold T850, which to some extent
counteracts the impact of moister conditions. CAPE is most
sensitive to low-level moisture and associated with warm
T850, as does CIN but to a smaller degree. A positive SPT is
weakly associated with a moister and warmer atmosphere,
consistent with the southerly flow behind an AEW trough,
where the moister atmosphere suppresses longwave cooling.
SHR, T2, and T500 show overall weak and unsystematic cor-
relations, in agreement with the difficult-to-interpret spatial
patterns for CPA discussed above. Finally, T850, VIMD, and
700 are consistently negatively correlated with the moisture
variables and KX, with the exception of D2. While the rela-
tion to VIMD is straightforward, T850 may indicate north—
south movements of the monsoon layer, bringing overall
moister or drier conditions. The negative correlation between
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TABLE 2. Overview of probabilistic forecast methods for precipitation occurrence and/or accumulation, including general type,
brief description, acronym, and availability of training data. Methods marked with an asterisk (*) yield PoP occurrence forecasts
only; for methods marked with “**” we do not present results for PoP forecasts. The final column notes from which year and month

onward training data are available and used.

Type Description Acronym Training
Climatological Monthly probabilistic climatology MPC December 2000
Physics-based ECMWEF ensemble prediction system EPS —

Isotonic regression applied to EPS EPS+ISO* December 2006
EMOS applied to EPS EPS+EMOS** December 2006
EasyUQ applied to HRES HRES+EasyUQ December 2001

Statistical

Machine learning
Hybrid

Logistic regression, baseline (5 predictors)

Logistic regression, full model (25 predictors)
Distributional index model, baseline (5 predictors)
Distributional index model, full model (25 predictors)
EasyUQ applied to convolutional neural network
Mixture of HRES+EasyUQ and CNN+EasyUQ

December 2000
December 2000

Logit-base*
Logit-full*

DIM-base** December 2000
DIM-full** December 2000
CNN+EasyUQ December 2000
Hybrid —

moisture variables and W700 reflects the wet conditions associ-
ated with cyclonic disturbances, e.g., AEW troughs or vortices.

4. Physics-based and data-driven forecast methods

Forecasts for precipitation occurrence and precipitation
amount ought to be probabilistic to account for the chaotic
nature of the atmosphere; thus, for the former, they should
output a probability of precipitation (PoP), and for the latter,
they should output a probability distribution. We investigate
forecasts for precipitation occurrence and precipitation amount
separately, which allows us to connect our results to Vogel et al.
(2021) and Rasheeda Satheesh et al. (2023), where the binary
setting was considered only. Furthermore, we can compare be-
tween the comparably easy task of producing PoP forecasts and
the more challenging task of constructing probabilistic forecasts
for precipitation amount. To assess the skill of statistical and ma-
chine learning models, it is essential to use baseline models to
compare their forecast performance. In the following subsections,
different types of forecasting models are presented that are phys-
ics-based NWP models, purely data-driven statistical or machine
learning techniques, or mixtures of both. Table 2 provides an
overview of all considered approaches.

As discussed in section 2, our evaluation period for 24-h
forecasts of precipitation amount and precipitation occur-
rence ranges from 1 December 2010 to 30 November 2019.
The DIJF season runs across two subsequent calendar years,
and we generally assign it to the second year. Reporting a
yearly seasonal or overall mean instead of a single mean score
over the complete evaluation period allows for a more distinct
comparison between forecasting models and provides insights
into the temporal evolution of forecast skill.

Except for the ECMWF EPS, all types of forecasting meth-
ods require training data and some form of training proce-
dure. The hybrid model combines the CNN+EasyUQ and
HRES+EasyUQ forecasts in a way that does not require
additional training, but the constituent models do require
training. In this study, we use annually growing, expanding
training sets that resemble operational settings, where only
past data are available. Nonparametric statistical methods
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such as IDR and especially machine learning approaches ben-
efit from having as much (relevant) training data available as
possible. Subject to this caveat, the predictive performance
generally does not depend very much on the details of the
training scheme. For example, we also implemented the EPS-
+EMOS technique using a rolling training period of the most
recent 730 days and obtained similar results. In our expanding
training setting, the initial training period ranges from the first
day of the month in the right-most column of Table 2 (herein-
after the start date) to 30 November 2010, and the thus trained
methods are used to generate day-ahead 24-h forecasts for the
period from 1 December 2010 to 30 November 2011. Then we
successively add one more year to the training period, ranging now
from the start date through 30 November in the year 2010 + x,
and use the thus trained methods to generate forecasts for the
12-month period that begins on 1 December in the year 2010 + x,
where x € {1, ..., 8}. This procedure is followed until training is
on data through 30 November 2018, and the thus trained methods
are used to generate forecasts for 1 December 2018 through
30 November 2019. Thus, there are nine evaluation folds in total,
which we associate with calendar years 2011-2019, respectively.

a. Climatological forecasts

Arguably, the simplest possible type of probabilistic forecast
is a climatology constructed from past observations. Here, we
use GPM IMERG to construct a monthly probabilistic climatol-
ogy (MPC). The MPC forecast for a specific valid date is an en-
semble constructed by using all past observations from the
month at hand. For example, for a test date in January 2014,
the MPC forecast is constructed based on data from January 2001
to 2013, which yields an ensemble of size 31 X 13 = 403. To ob-
tain the MPC PoP forecast, the relative frequency of ensemble
members with rainfall exceeding 0.2 mm is computed.

We also explored persistence as the most basic of all possi-
ble forecasts; however, the performance (not shown) was
poor in our setting.

b. Physics-based forecasts

Our comparison includes raw and postprocessed probabilis-
tic forecasts from physics-based NWP models run by the
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ECMWEF (section 2c). The postprocessed forecasts require
training, for which we use expanding training sets with start
dates listed in Table 2 as described above. Training is per-
formed at each grid point individually.

1) OPERATIONAL ECMWF NWP ENSEMBLE

The operational ECMWF EPS comprises 51 NWP runs,
namely, a control member and 50 perturbed members. Just as
for the climatological MPC approach, the EPS PoP forecast is
the relative frequency of members that exceeds 0.2 mm.

2) STATISTICALLY POSTPROCESSED ECMWF
NWP ENSEMBLE

Statistical postprocessing is used to correct for systematic
biases in raw ensemble forecasts. Here, we use ensemble
model output statistics (EMOS), originally developed by
Gneiting et al. (2005), to generate full predictive probability
distributions by linking ensemble information to distribu-
tional parameters. The optimal coefficients are found by opti-
mizing a performance metric on training data.

In the binary case, we recalibrate the EPS PoP by using non-
parametric isotonic regression (Zadrozny and Elkan 2002),
here referred to as EPS+ISO. For precipitation amount, we
apply the EMOS technique proposed by Scheuerer (2014)
which models positive rainfall accumulations with generalized
extreme value distributions, to generate the EPS+EMOS
forecast. While EPS+EMOS induces a PoP forecast, the pre-
dictive performance is very similar, though typically slightly in-
ferior, to EPS+ISO. Therefore, we do not report results for
the respective PoP forecasts (cf. Table 2).

3) EAsYUQ oN THE HRES MODEL

The HRES model from ECMWF generates a deterministic
NWP forecast. We use the EasyUQ technique, introduced in
section 2d, to transform this single-valued forecast into a post-
processed predictive distribution, to yield the HRES+EasyUQ
forecast.

c. Statistical forecasts

Statistical approaches use training data to learn relation-
ships between a target variable and one or more predictor
variables. Here, the target variable is the precipitation amount
at a given grid point, which in the case of precipitation occur-
rence is thresholded at 0.2 mm. We use logistic regression to
obtain PoP forecasts and DIMs (Henzi et al. 2023) for proba-
bilistic forecasts of precipitation amount, based on predictor
variables from section 3. Statistical models require training,
and we use annually expanding training sets with a start date
in December 2000 (Table 2) as described above. Training is
performed at each grid point individually.

The analysis in section 3 provides a thorough understanding
of the influence of the selected variables from Table 1 on pre-
cipitation occurrence and amount and enables us to link them
to typical seasonal weather phenomena. However, overall,
the effect of meteorological variables on precipitation is simi-
lar across seasons when taking into account the latitudinal
shifts associated with the monsoon system. As a consequence,
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we found little difference in model performance between fit-
ting models on seasonal data versus the whole available train-
ing period, as temporal effects such as seasonal changes can
be captured by predictor variables that encode the day of the
year. Therefore, instead of fitting seasonal models, we train
models that apply year-round.

We distinguish baseline models with two predictors that
encode the day of the year and three correlated rainfall pre-
dictors (section 3a) from full models that additionally use
20 predictor variables from the ERAS (section 3b). To
prevent a statistical model from overfitting, regularization
techniques can be applied. However, in this experiment, the
performance of the statistical models, which use modest num-
bers of at most 25 predictor variables only, does not improve
when using the regularization techniques we tested. Conse-
quently, we refrain from performing any feature selection be-
yond the choices made in section 3, which were driven by
meteorological expertise and extant literature in atmospheric
physics. We note that this strategy is well in line with extant
experience in weather prediction, where the use of highly cor-
related predictor variables typically yields slight only, if any,
degradation, of the predictive performance. Tables 3 and 7 in
Raftery et al. (2005) provide a striking illustration of this phe-
nomenon. For further analysis and an experiment with fewer,
less dependent feature variables, see section 5Sa.

1) LOGISTIC REGRESSION

We use logistic regression (Logit) models to generate statis-
tical PoP forecasts. Specifically, let m be the number of pre-
dictor variables, which we denote by xy, ..., x,,, and let p be
the PoP forecast. The logistic regression model then is of the
form

m
. p
logit(p) = log——— = + X, 4
git(p) 8T, = % Ela,] “)

where the statistical coefficients «, ay, ..., a,, are estimated
from training data. Our baseline model (Logit-base) origi-
nates from Vogel et al. (2021) and Rasheeda Satheesh et al.
(2023) and uses m = 5 predictor variables, namely, three cor-
related rainfall predictors x4, x,, and x5 at temporal lags of 1,
2, and 3 days, respectively, as described in section 3a, and two
variables x4 = sin(27d/365) and x5 = cos(2wd/365) that de-
pend solely on the day of the year d. The full model (Logit-
full) extends to m = 25 predictor variables in Eq. (4), now
including the 20 ERAS variables from Table 1.

2) DISTRIBUTIONAL INDEX MODELS

To produce probabilistic forecasts for accumulated precipi-
tation, we use the DIM approach introduced by Henzi et al.
(2023), which combines the classical single index model with
IDR (Henzi et al. 2021). In a nutshell, an index is learned that
represents the conditional mean of the target variable, here
log-transformed precipitation accumulation, and then a pre-
dictive distribution is estimated nonparametrically under a
stochastic ordering constraint. As before, let xq, ..., x,, be
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FIG. 6. U-Net architecture of our CNN model with convolution blocks and stages, along with filter sizes and strides.
Each blue box corresponds to a multichannel feature map, and the associated descriptor refers to the batch size, the
number of channels, and the dimensionality or size of the feature map at each layer. For example, the descriptor
(32 X 25 X 19 X 61) at upper left indicates a batch size of 32, the number 25 of feature variables, and the size of the
19 X 61 latitude and longitude grid of our evaluation domain (Fig. 1). The arrows represent operations specified in
the legend at right. For definitions of technical terms, we refer to Ronneberger et al. (2015) and Isensee et al. (2021).

predictor variables, and let y be the target, namely, precipitation ac-
cumulation. The index model assumes the following relationship:

1 m
log(y + ﬁ) =B, + l; Byx; ®)

where the statistical coefficients By, B, ..., B,, are learned
from training data. Subsequent to the training of the index
model, the nonparametric IDR distributions are estimated on
the same training data, augmented with the fitted index val-
ues. We distinguish a baseline model (DIM-base, m = 5) and
an extended model [DIM-full, m = 25 in Eq. (5)], for which
we use the same sets of predictor variables as in the Logit ap-
proach from section 4c(1).

Note that PoP forecasts can be extracted from the DIM-
base and DIM-full distributions. These yield similar, though
slightly inferior, results than the Logit-base and Logit-full PoP
forecasts, respectively (not shown).

d. Machine learning—based forecasts: CNN+ EasyUQ

The aforementioned statistical models are applied at each
grid point individually. Thus, including spatial information
has to be done by manually engineering features accordingly,
such as the correlated rainfall predictors from section 3a. In
contrast, CNN models operate directly on the two-dimensional
input space and can learn spatial relations from the data with-
out the need to extract spatial information beforehand. CNN
models are most commonly used for image tasks, where the in-
put usually is a two- or three-dimensional array of pixel values.
The gridded weather data over our evaluation domain can be
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envisaged as two-dimensional pseudo images of size 19 X 61.
These dimensions correspond to latitude and longitude, re-
spectively, spanning the study domain (Fig. 1) from 0° to 18°N
and from 25°W to 35°E with a grid resolution of 1° X 1°. With
a suitable architecture, a single CNN model produces a two-
dimensional array with forecasts for all grid points at once in-
stead of training models at each grid point individually. Due to
their inherent inductive bias toward local neighborhood con-
nectivity, CNNs are well suited for predicting precipitation on
the 19 X 61 grids, as they effectively exploit spatial correla-
tions and structures within a grid, recognizing patterns within
local areas that may be indicative of specific weather condi-
tions. For this reason, the three correlated rainfall predictors
and the 20 ERAS variables in the set of predictor variables for
the full statistical models from section 4c are replaced by
19 X 61 grids of IMERG precipitation accumulations (section 2a)
at temporal lags of 1, 2, and 3 days and 19 X 61 grids of the
ERAS variables (section 2b) at 0000 UTC, respectively. The two
predictors that encode the day of the year are independent of the
location and remain scalar features.

Motivated by their successful application in related meteoro-
logical tasks (Ayzel et al. 2020; Weyn et al. 2020; Lagerquist et al.
2021; Chapman et al. 2022; Otero and Horton 2023), we employ
a CNN architecture in the form of the U-Net (Ronneberger et al.
2015; Isensee et al. 2021). The network architecture is sketched
in Fig. 6 and follows standard choices for convolution blocks and
stages. The architecture of the U-Net consists of a contracting
(downsampling) path and an expansive (upsampling) path, which
are symmetric in terms of individual layer properties, giving it a
U-like shape. We make use of max pooling operations for
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downsampling and transposed convolutions for upsampling
layers. A crucial feature of the U-Net is skip connections be-
tween layers of the same size in the contracting and expanding
paths. Applied to the precipitation data grid, these connections
allow the network to use information from multiple resolutions,
combining the context from the contracting path with the locali-
zation information from the expansive path. The only deviations
from standard U-Net architecture choices, such as asymmetric
strides and output padding in the upsampling layers, are dictated
by the grid structure and allow to model longer spatial range de-
pendencies in the data. To avoid overfitting, we make use of
dropout (Srivastava et al. 2014) with a dropout rate of 0.2
throughout the network. With a view toward operational imple-
mentations, we refrain from tuning and adopting standard
choices from Isensee et al. (2021) for all hyperparameters,
thereby showcasing the capabilities of off-the-shelf CNNSs in this
application.

To transform the deterministic precipitation forecasts of the
CNN model into probabilistic forecasts, the EasyUQ technique
introduced in section 2d is applied at each grid point individu-
ally, subsequent to the training of the index model, and based
on the same training data as for the neural network, augmented
with the deterministic CNN output. As noted, the resulting
CNN+EasyUQ forecast distributions are discrete and have
mass exclusively at outcomes observed during training. Code
for the implementation of the CNN+EasyUQ approach in
Python (Python Software Foundation 2023) is publicly available
under https:/github.com/evwalz/precipitation. Once more we
emphasize that while our usage of EasyUQ in concert with the
CNN model is novel, we employ standard choices, such as qua-
dratic loss and 3 X 3 convolutional kernels, for the neural net-
work architecture and neural network training.

e. Hybrid approaches

NWP models represent the physical laws of atmospheric
dynamics through a set of differential equations. Statistical
or machine learning-based approaches, on the other hand,
do not encode physical laws but learn patterns based exclu-
sively on past data. A hybrid model is a combination of both
approaches and thus can benefit from both the physical exper-
tise embodied in NWP output and the flexibility of data-
driven approaches. In this paper, we base hybrid approaches
on the deterministic HRES forecast from section 2c and the
deterministic CNN forecast from section 4d. We consider
three approaches to obtain probabilistic forecasts from the
deterministic HRES and CNN forecasts. First, the NWP fore-
cast can be used as an additional gridded feature in the CNN
model, followed by the gridpoint-based application of EasyUQ.
Second, we can apply IDR using both deterministic forecasts as
input features. Last, a simple approach is to use a weighted or
unweighted average of the predictive distributions generated by
HRES+EasyUQ and CNN+EasyUQ. We found experimen-
tally that the first two approaches do not improve predictive
ability, generally showing similar forecast performance to the
CNN+EasyUQ forecast. The last approach in its most basic
form of an equal average between the HRES+EasyUQ and
CNN+EasyUQ distributions shows slight forecast improvements.
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In view of the simplistic nature of this latter approach, which does
not require any additional training, we adopt it without further,
formal model selection and refer to it as the hybrid model.

5. Forecast evaluation

In this section, we report major findings from the forecast-
ing experiment. The discussion concentrates on the peak
monsoon season JAS, but we provide results for the other
seasons in additional figures in supplemental S1. As described
at the start of section 4, our experiment uses expanding train-
ing sets to learn the forecasting models, and we frequently re-
port annual results from the evaluation folds for 2011-2019.
As evaluation metrics, the mean BS from Eq. (1) and the
mean CRPS from Eq. (2) are used.

a. Effects of variable selection in statistical models

To better understand the influence of the predictor varia-
bles on the forecast performance of the statistical models,
namely, the Logit PoP forecast [section 4c(1)] and the DIM
forecast for precipitation accumulation [section 4c(2)], a vi-
sual analysis is provided in Fig. 7. Starting with the mean
score of the base model, which has five predictor variables,
one more variable is successively added and the correspond-
ing mean score is shown until the full model with 25 predictor
variables is reached. The variables are selected in the order of
the distance between 0.5, and the mean AUC or mean CPA is
computed without splitting into seasons. An AUC or CPA
value of 0.5 suggests a useless feature.

Figure 7a shows that the addition of TCWV to the Logit
base model yields an improvement of the BS on the order of
5% in all years. Small further improvements of less than 1%
are obtained by adding midlevel humidity (Q700) and static
stability (KX). The addition of further variables yields minor
improvement only, with the striking exception of 2-m temper-
ature (T2), which leads to an improvement comparable to
Q700 and KX, despite AUC values barely above 0.5 (Fig. 2d).
We are unable to provide a meteorological interpretation of
this effect and encourage follow-up studies. Qualitatively, im-
provements in CRPS per predictor regarding precipitation
amount (Fig. 7b) show similar results, yet the percentage im-
provements are smaller such that adding variables other than
TCWYV and Q700 barely improves performance. Generally,
the performance difference between years is large, and the
ranking of the years differs between the BS, where the lowest
values are seen for 2017, and the CRPS, where they are seen
for 2013. The mean CRPS covaries with the total rainfall
amount (Fig. 9b) and increased amounts of training data facili-
tate improved performance in later years. Results for seasons
other than JAS are qualitatively similar, except that the overall
level of the scores varies strongly between seasons (Figs. S3
and S4).

Let us now return to the discussion of correlated predictor
variables and variable selection in sections 3c and 4c. In Fig. 8,
we report on the same experiment as in Fig. 7, but for using a
subset of weakly correlated predictor variables, chosen accord-
ing to the analysis in Fig. 5 and Fig. S2. The comparison be-
tween Figs. 7 and 8, where the full and the reduced model
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FIG. 7. (a) Mean BS for the Logit PoP forecast under successive addition of the predictor variables displayed on the horizontal axis. The
base model includes three correlated rainfall predictors and two time features. The BS is averaged over space and season JAS for evalua-
tion folds from 2011 to 2019. (b) Corresponding display for the DIM forecast of precipitation accumulation and the CRPS.

achieve essentially identical predictive performance, corrobo-
rates the insight that generally, the use of highly correlated
predictor variables does not degrade performance in this type
of setting.

b. Comparative evaluation of predictive performance

Figure 9a visualizes the mean BS in season JAS for the PoP
forecasting models from Table 2. Similar to the results in
Vogel et al. (2021), the ECMWF EPS shows inferior or, in
later years, comparable performance to MPC, and both EPS
and MPC are outperformed by a simple logistic regression ap-
proach based on correlated rainfall predictors only (Logit-
base). The inclusion of ERAS predictors into the logistic
regression model (Logit-full) leads to a clear improvement
beyond the postprocessed EPS-ISO PoP forecast. Surpris-
ingly, the HRES+EasyUQ forecast shows better perfor-
mance than the ensemble-based EPS+ISO forecast. The

a) BS for JAS

CNN+EasyUQ PoP forecast outperforms all other methods,
except for the hybrid forecast, which shows nearly the same
performance. In Diebold and Mariano (1995)’s tests based on
a time series of spatially aggregated daily scores over the
complete evaluation period, the null hypothesis of equal
predictive ability in terms of the Brier score gets rejected at
the 0.01 level for all 28 pairs of models, with the exceptions
of EPS-ISO versus Logit-base, and, notably, hybrid versus
CNN+EasyUQ.

The mean CRPS for the forecasting models for precipita-
tion accumulation from Table 2 is displayed in Fig. 9b.
Through 2014, EPS clearly shows the lowest forecast skill;
thereafter, its skill improves and gets close to the performance
of MPC and DIM-base. Unlike the Logit-full PoP forecast,
DIM-full does not outperform the postprocessed EPS+ EMOS
forecast. The fact that EPS+EMOS does not share the inho-
mogeneous behavior of EPS for the years before and after

b) CRPS for JAS
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FIG. 8. As in Fig. 7, but for a subset of weakly correlated predictor variables.
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FIG. 9. (a) Mean BS for PoP forecasts from Table 2, averaged over space and season JAS for evaluation folds from 2011 to 2019.
(b) Corresponding display for the CRPS and probabilistic forecasts of precipitation amount, along with spatially averaged total accumu-

lated precipitation for JAS, in the unit of millimeters.

2014 indicates that postprocessing can mostly cure the large miscali-
bration inherent in earlier versions of EPS. The HRES+ EasyUQ
approach yields better scores than EPS+EMOS, probably due
to the flexibility of the EasyUQ forecast distributions. The
CNN+EasyUQ approach shows a forecast improvement within
the evaluation period, and the hybrid model performs similar or
slightly better for some years. As can be seen, by the dotted
line giving the JAS area-averaged rainfall, the mean CRPS co-
varies with the total rainfall amount; thus, the years with the
best performance are usually also the driest. In Diebold and
Mariano (1995)’s tests, the null hypothesis of equal predictive
ability in terms of the CRPS gets rejected at the 0.01 level for
all 28 pairs of models, with the sole exception of DIM-base
versus MPC.

Figures S5 and S6 show analogous evaluation results for all
five seasons. Throughout, the CNN+EasyUQ and hybrid
forecasts perform similarly to each other and outperform
their competitors by considerable margins.

c¢. Spatial structure of predictive performance

For an understanding of spatial patterns of forecast perfor-
mance, skill score plots of the forecast approaches considered
here with MPC as reference forecast are shown in Fig. 10 for
precipitation occurrence and in Fig. 11 for precipitation accu-
mulation, both for the JAS peak monsoon season and across
evaluation folds.

With respect to the PoP forecasts for rainfall occurrence,
EPS shows negative skill relative to MPC over the southern
parts of the study domain, particularly over the relatively dry
areas along the Guinea Coast and over Gabon and southern
Cameroon, where rainfall tends to be rather localized and
short-lived such that precipitation occurrence is hard to pre-
dict (Fig. 10a). Senegal/Mauritania and Chad/Sudan are the
only areas with considerable positive skill, while the rest of
the domain ranges close to 0. Applying statistical postprocess-
ing (EPS+ISO; Fig. 10b) removes the large negative skill
along the Guinea Coast but shows remaining issues in a
stretch from Nigeria to South Sudan with mostly weakly
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negative skill. Remarkably, postprocessing deteriorates skill
around the highlands in Guinea/Sierra Leone and western-
most Ethiopia. Over the Sahel, in contrast, the postprocessing
leads to an overall improvement and consistently positive
skill. A possible reason is the stronger influence of predictable
features such as AEWs or midlatitude perturbations here in
contrast to the more stochastic rains in the south (Rasheeda
Satheesh et al. 2023). The comparison between the EPS+ISO
and HRES+EasyUQ (Fig. 10c) demonstrates that for fore-
casts at individual sites, there is no added value in running an
NWP ensemble system, even after postprocessing. The struc-
tures are fairly consistent (e.g., with problematic regions in
Guinea/Sierra Leone, the Central African Republic, South
Sudan, and Ethiopia), but the values are consistently more
positive for the HRES+EasyUQ technique, which is based
on the HRES model alone, as opposed to using an ensemble.
Moving to the data-based approaches (Figs. 10d-g), we see
consistent improvement over most areas of the study domain
though PoP forecasts for western Ethiopia remain a chal-
lenge, possibly related to the rough topography in this area.
While in the simpler Logit-base approach (Fig. 10d) some
areas of negative skill remain, the inclusion of additional pre-
dictors in Logit-full (Fig. 10e) leads to a consistent improve-
ment and thus positive skill almost everywhere in the study
region. It is also noteworthy that the Logit models generate
overall smoother skill fields compared to the physics-based
approaches. Finally, the CNN+EasyUQ and hybrid methods
(Figs. 10f,g) outperform all other approaches to a large extent,
reaching up to 40% improvement relative to the climatologi-
cal benchmark MPC. The improvement relative to EPS is
particularly impressive over the Guinea coastal region (e.g.,
Ivory Coast and Ghana), where EPS performs much worse
than MPC and illustrates the ability of the CNN to learn com-
plex physical relationships that determine local rainfall proba-
bility. The inclusion of NWP information from the HRES
model in the hybrid approach yields small improvements in
some places but no clear advance relative to CNN+EasyUQ.
This demonstrates that knowing the ambient conditions shortly
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FIG. 10. Spatial structure of the Brier skill score for probability forecasts of precipitation occurrence with (a) EPS, (b) EPS+ISO,
(c) HRES+EasyUQ, (d) Logit-base, (e) Logit-full, (f) CNN+EasyUQ, and (g) the hybrid forecast from Table 2, relative to MPC as base-
line, for season JAS and combined evaluation folds from 2011 to 2019.

before the beginning of the 24-h forecast period is much more
important than knowledge of the forecast evolution during that
period.

The corresponding analysis for rainfall amount (Fig. 11) re-
veals many parallels to rainfall probability. EPS (Fig. 11a) stands
out as having many areas of negative CRPS skill, with an overall
similar structure to the occurrence analysis (Fig. 10a). Postpro-
cessing (EPS+EMOS; Fig. 11b) cures many issues of EPS, lead-
ing to mostly weakly positive skill, but does not perform as well
as the computationally much less expensive HRES+EasyUQ
technique (Fig. 11c). Here, the skill fields for amount are overall
smoother than for occurrence with less contrast between the
Sahel and the southern areas. The DIM models (replacing
the Logit models for amount) show negligible further advance.
The skill of DIM-base (Fig. 11d) is close to 0 everywhere with a
negative area in the southeast and positive elsewhere, while the
inclusion of additional predictors (DIM-full; Fig. 11e) slightly
improves skill over most areas. Finally, as for occurrence, the
machine learning—based CNN+EasyUQ and hybrid methods
(Figs. 11f,g) outperform all other approaches to a large extent
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with positive CRPS skill of up to 30%. Here, the hybrid ap-
proach leads to a more considerable improvement relative to
CNN+EasyUQ, yielding fairly equal skill improvement across
the entire, quite heterogeneous domain. These improvements
are more prominent in areas where the physics-based HRES
model may better represent the time evolution of dynamical
features such as AEWs and extratropical influences.

d. Calibration and discrimination ability

We now assess the calibration and discrimination ability of
the forecasts. Following Vogel et al. (2021) and Rasheeda
Satheesh et al. (2023), reliability diagrams for the PoP forecasts
from Table 2 at the grid point closest to Niamey (13°N, 2°E)
are presented in Fig. 12. The choice of Niamey reflects typical
conditions in the Sahel and allows direct comparison to results
in the earlier papers. The panels use the CORP approach of
Dimitriadis et al. (2021) and show the decomposition from
Eq. (3) of the mean BS into MCB, DSC, and UNC compo-
nents. Instead of considering each evaluation fold separately,
the decomposition is computed once on forecasts in the peak
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(b) EPS+EMOS, (c) HRES+EasyUQ, (d) DIM-base, (¢) DIM-full, (f) CNN+EasyUQ, and (g) the hybrid forecast from Table 2, relative
to MPC as baseline, for season JAS and combined evaluation folds from 2011 to 2019.

monsoon season JAS from all nine evaluation years together. If
the reliability curve is close to the diagonal, a PoP forecast is cali-
brated (reliable). Deviations from the diagonal indicate some
type of miscalibration: S-shaped curves indicate underconfidence
(PoP too close to the overall observed frequency of rain), inverse
S-shaped curves correspond to overconfidence (PoP too close to
0 or 1), and curves that are mostly below the diagonal, or mostly
above the diagonal, indicate biased PoP. The climatological
MPC PoP forecast has a very limited range of forecast probabili-
ties and lacks discrimination ability but shows excellent calibra-
tion. The poor calibration of the raw ENS PoP is corrected by
postprocessing (ENS+ISO). In agreement with the findings of
Vogel et al. (2021) and Rasheeda Satheesh et al. (2023), the
Logit-base PoP forecast is well calibrated and has moderate dis-
crimination ability. In comparison, Logit-full shows a lower BS
(more skillful PoP forecasts) reflected in both better calibration
and improved discrimination ability. The CNN+EasyUQ and
hybrid techniques show superior performance—they are simi-
larly well calibrated as EPS-ISO and Logit-full but show consid-
erably higher discrimination ability.
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To assess the calibration of the probabilistic forecasts for
accumulated precipitation at the grid point closest to Niamey,
Fig. 13 shows probability integral transform (PIT) histograms.
For the MPC and EPS ensemble forecast, a universal PIT
(uPIT) histogram is shown (Vogel et al. 2018); for the other
methods, the randomized version of the PIT is used [Gneiting
and Resin 2023, Eq. (1)]. A uniform histogram indicates cali-
brated forecasts, while a U-shaped (hump shaped) histogram
suggests underdispersed (overdispersed) forecasts, meaning
that the forecasts are overconfident (underconfident). Skewed
histograms indicate biases. The ECMWF ensemble (EPS) is
underdispersed, which is corrected for in the EPS+EMOS
forecast, though a bias remains. The other forecasts show PIT
histograms that are nearly uniform. The associated decompo-
sition [Eq. (3)] of the mean CRPS demonstrates the superior
calibration of the climatological MPC forecast and the out-
standing discrimination ability and overall predictive perfor-
mance of the CNN+EasyUQ and hybrid approaches.

Finally, we use the decomposition of the mean BS or mean
CRPS into MCB, DSC, and UNC components for a spatially
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FIG. 12. Reliability diagrams for PoP forecasts at the grid point closest to Niamey (13°N, 2°E) with (a) MPC, (b) EPS, (c) EPS+ISO,
(d) HRES+EasyUQ, (e) Logit-base, (f) Logit-full, (g CNN+EasyUQ, and (h) the hybrid approach from Table 2, for season JAS and
combined evaluation folds from 2011 to 2019, with 90% consistency bands under the assumption of calibration (Dimitriadis et al. 2021).
The panels also show the mean BS and its MCB, DSC), and UNC components from Eq. (3). The histograms along the horizontal axis

show the distribution of the forecast probabilities.

aggregated quantitative assessment. We compute the decom-
position [Eq. (3)] at each grid point based on forecasts in the
peak monsoon season JAS from all nine evaluation years, and
the score components are then averaged across grid points.
The MCB-DSC plots for the mean BS (Fig. 14a) and mean
CRPS (Fig. 14b) provide a spatially consolidated comparison
of the forecast methods. In both cases, the climatological
MPC forecast shows the lowest MCB and the lowest DSC
component. The ECMWF raw ensemble (EPS) has higher
MCB than all other methods, and the miscalibration is taken
care of by postprocessing (EPS+ISO and EPS+EMOS). Re-
garding the statistical forecasts, the inclusion of the ERAS
predictors (Logit-full and DIM-full) in addition to the corre-
lated rainfall predictors (Logit-basic and DIM-basic) im-
proves DSC while MCB remains similar. The superiority of
the CNN+EasyUQ forecast stems from its elevated discrimi-
nation ability. The hybrid forecast shows slightly improved
skill relative to CNN+EasyUQ and trades better calibration
for even higher discrimination ability. These findings are sta-
ble and apply across all five seasons (Figs. S7 and S8).

6. Conclusions

In this work, the predictability of 1-day-ahead 24-h precipi-
tation occurrence and amount over northern tropical Africa is
investigated on the basis of conventional and new data-driven
tools. Our study builds on previous papers with a focus on
forecasting rainfall occurrence for the summer season JAS,
which compared the performance of climatological, raw and
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postprocessed ECMWEF ensemble forecasts, and a simple lo-
gistic regression model based on correlated rainfall predictors.
This binary forecasting problem is revisited in this paper with
major adaptions. Instead of TRMM, GPM IMERG is used as
a ground truth data source. Forecasts are produced for the en-
tire year instead of just the summer season (JAS), and ERAS
predictor variables are used to augment the logistic regression
model. To this end, an extensive analysis of weather variables
from the ERAS is performed to investigate and understand
their relation to and their influence on precipitation. The me-
teorological interpretation of these dependencies is obtained
by combining previously conducted research and results from
statistical analysis performed in this work.

A key contribution of our work is that we additionally in-
vestigate the more challenging problem of producing proba-
bilistic forecasts for accumulated precipitation. Since the
climatology and the NWP model output in this paper are in
the form of ensembles, they can be readily used as probabilis-
tic forecasts for precipitation amount. To produce data-driven
statistical forecasts, the DIM is introduced, which is simple
but very effective and thus can serve as a persuasive baseline.
To account for the recent rise of machine learning in weather
forecasting, a CNN model is presented which has the addi-
tional benefit of inherently exploiting spatial relations. To ob-
tain a probabilistic output, we couple the CNN model with
the recently introduced EasyUQ approach, to yield the
CNN+EasyUQ technique. These different forecasting ap-
proaches provide a detailed forecasting benchmark covering
the range of simple to sophisticated models and ideas from
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FI1G. 13. PIT histograms for probabilistic forecasts of precipitation accumulation at the grid point closest to Niamey (13°N, 2°E) with
(a) MPC, (b) EPS, (c) EPS+EMOS, (d) HRES+EasyUQ, (e) DIM-base, (f) DIM-full, (g) CNN+EasyUQ, and (h) the hybrid approach
from Table 2, for season JAS and combined evaluation folds from 2011 to 2019. The panels also show the mean CRPS and its MCB, DSC,
and UNC components from Eq. (3). The vertical scale of the histograms is shared across forecasts, except for EPS. The horizontal dashed
line in each histogram represents the (desired) uniform distribution and aids the interpretation of deviations.

NWP, statistics, and machine learning in an unprecedented forecast distributions that does not require any additional train-
way. ing and yields minor only (if any) further improvement. It is in-

The CNN+EasyUQ technique outperforms its competitors by  teresting to place our results for 1-day-ahead 24-h forecasts in the
a large margin, except for the hybrid forecast, which is a simple  context of recent advances in data-based precipitation forecasts.
arithmetic average of the HRES+EasyUQ and CNN+EasyUQ  For nowcasts at prediction horizons up to 12 h, progress has been

a) BS decomposition for JAS b) CRPS decomposition for JAS
oo o Hybrid UNC =0.17 R UNC =3.32
o Hybrid
&) [8) J
%] . %]
O | Logit-ful e .
Logjt-base . DIM-full o
Q \ b L ]
DIM-base o®
s L]
*MPC ot *MPC
MCB MCB

F1G. 14. MCB, DSC, and UNC components of (a) the mean BS for probability forecasts of precipitation occurrence
and (b) the mean CRPS for probabilistic forecasts of precipitation accumulation in the unit of millimeters, as de-
scribed in Table 2. The score decomposition in Eq. (3) is applied at each grid point, based on the combined evaluation
folds from 2011 to 2019, and the mean score and score components are then averaged over grid points. Parallel lines
correspond to equal mean scores.
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persuasive (Ayzel et al. 2020; Lagerquist et al. 2021; Ravuri et al.
2021; Espeholt et al. 2022; Zhang et al. 2023). In stark contrast,
recent developments in neural network-based weather forecasts
at prediction horizons of days ahead have provided sparse atten-
tion to rainfall (Bi et al. 2023; Rasp et al. 2024), arguably due to
the recognition that “precipitation is sparse and non-Gaussian”
(Lam et al. 2023, p. 6). The CNN+EasyUQ technique provides
an elegant and computationally highly efficient way of addressing
the non-Gaussianity of precipitation accumulation. In very recent
work, Andrychowicz et al. (2023) find that the data-driven Met-
Net-3 approach outperforms the ECMWF and NOAA raw en-
sembles in terms of CRPS for hourly precipitation accumulation
over the continental United States at lead times up to 20 h,
but not beyond. However, unlike our study, which compares
the CNN+EasyUQ forecast with state-of-the-art competitors,
Andrychowicz et al. (2023) do not compare MetNet-3 to postpro-
cessed NWP ensemble forecasts nor to statistical forecasts of the
type considered in our paper. Related work by Scheuerer et al.
(2020), Ghazvinian et al. (2022), and Horat and Lerch (2024) at
longer lead times concerns the use of neural networks for the
postprocessing of precipitation forecasts generated by NWP
ensembles.

In view of its outstanding performance in this study, the
CNN+EasyUQ approach can likely improve operational
probabilistic forecasts of day-ahead 24-h rainfall in northern
tropical Africa. Our current implementation does not involve
hyperparameter tuning in learning the neural network and
thus leaves potential for further improvement in predictive
performance. However, the superior performance of the off-the
shelf neural network shows that no intensive tuning or expert
knowledge is required to construct a data-driven forecasting
model that outperforms NWP forecasts. This encourages the op-
erational usage of neural network models and facilitates its im-
plementation. To make real-time forecasts feasible, one would
need to use the IMERG Early Run (NASA 2024) in lieu of IM-
ERG, an option that remains to be tested. To obtain ensemble
forecasts of entire, spatiotemporally coherent precipitation
fields, rather than forecasts at individual locations and fixed pre-
diction horizons, the HRES+EasyUQ and CNN+EasyUQ ap-
proaches can be coupled with empirical copula techniques
(Clark et al. 2004; Schefzik et al. 2013), for which we encourage
follow-up studies.

While our study is limited in geographic scope, we feel that
data-driven approaches of this type have the potential to rev-
olutionize rainfall forecasts throughout the tropics. Further-
more, the results of comparative studies by Little et al. (2009)
for the United Kingdom and Andrychowicz et al. (2023) for
the continental United States admit the speculation that the
CNN+EasyUQ technique can improve probabilistic forecasts
of 24-h precipitation in the extratropics as well. Finally, a very
interesting and relevant research question is whether similar
advances in predictive performance are feasible at prediction
horizons larger than a day ahead.
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