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Abstract: Climate change, marked by decreasing rainfall and increasing extreme events, represents a
major challenge for water resources, particularly in semi-arid regions. To estimate aquifer recharge, it is
essential to assess the fraction of precipitation contributing to groundwater recharge and to implement
a water balance model. However, the limited number of rainfall stations has led researchers to rely
on satellite and reanalysis rainfall products. The accuracy of these datasets is essential for reliable
hydrological modeling. In this study, we evaluated five rainfall products—CHIRPS, ERA5_Ag, CFSR,
GPM, and PERSIANN-CDR—by comparing them to ground measurements from gauging stations in
the central Haouz region of Marrakech at three temporal scales: daily, monthly, and annual. Statistical
and classification measures were applied, as well as wavelet analysis, to improve the accuracy of the
evaluation. The results identified ERA5_Ag and GPM as the most accurate products in capturing
rainfall events. Nevertheless, ERA5_Ag showed a high bias. After applying the quantile mapping
method to correct the bias, the product exhibited greater accuracy. The corrected datasets from these
two products will be used to estimate recharge over the last 30 years, contributing to the development
of a hydrogeological model for groundwater dynamics.

Keywords: rainfall products; statistical metrics; wavelet analysis; bias correcti; classification metrics;
gauged stations

1. Introduction
Intercomparison of satellite products and climate precipitation models with measured data from

weather stations is a discipline that has been carried out by many researchers around the world, in
order to validate the contribution of remote sensing and improve the quality of data from both satellites
and climate models. As in the 1990’s, intercomparison studies of precipitation products [1–5] have
revealed an improvement of accuracy in the estimation of precipitation (satellites and climate models),
with the aim of enhancing and developing the algorithms of climate models. Studies comparing
satellite products with measured data have already been initiated in Africa, demonstrating perfect
agreement between them [6–8]. The main objective of this comparison lies in the fact that the limited
number of meteorological stations makes the spatialization of precipitation over large areas less
effective. This spatialization process is essential for generating raster datasets used as inputs for
hydrological models and climate indices calculations [9–12]. It has to be noted that each data source
has its own performance level in providing climate variables, depending on the primary data used.
These may come from direct satellite observations [13,14] or from algorithms based on multi-source
satellite data interpretation [15–17]. The climate context of the study area can affect the performance of
these data sources. For instance, a satellite product may perform well in a temperate climate but be
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less reliable in an arid region. Several studies have explored these discrepancies; for example, [18,19]
examined the TRMM satellite and concluded that satellite based products tend to be more accurate in
tropical regions but less precise in arid, mountainous, or highly variable precipitation zones. Similarly,
studies of [20–22] indicate that satellite products often struggle to estimate precipitation accurately
in mountainous regions due to complex orographic effects. Likewise, in arid and semi-arid regions,
reanalysis products such as ERA5 and MERRA-2 tend to underestimate precipitation, as they have
difficulty in capturing local and sporadic events. The selected product from this study must perform
well across three key evaluation tests. The first test involves statistical comparison metrics, including
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Nash-Sutcliffe Efficiency (NSE), Bias,
and Pearson correlation. The second test applies classification metrics and wavelet analysis to assess
the products ability in capturing precipitation variability. The best performing product will be selected
for use in estimating diffuse recharge and building a water balance model of the study area, which is
the aim of the next article.

2. Study Area
The area of interest in this study is an alluvial plain, bordered to the South by the High Atlas

mountains, to the North by the Jbilettes, and bounded by Oued N’Fis to the West and Oued Rhdate
to the East. Figure 1 shows its geographical location, which is situated between 31° and 32° North
latitude and 7° and 9° West longitude.

Figure 1. Geographical location of the study area and the distribution of meteorological stations across the region.

The Haouz plain is generally dry, due to high average temperatures (reaching 40°C) and intense
evaporation. The four months from June to September constitute the dry season, with around 10 mm
of precipitation per month. While precipitations is distributed throughout the year, most of it falls
between October and May, varying between 25 and 65 mm per month. Annual precipitation ranges
from 220 to 800 mm, with an average of approximately 415 mm, based on data from 1973 to 2009
(September to August). The region has a semi-arid continental climate.

3. Materials and Methods
The comparison is based on analysis at the pixel-point scale, relatively linked to the location of the

meteorological measurement stations. The latters are irregularly distributed in the region, adding their
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limited number and the mismatch between the launch dates of each station, showing a well-defined
contrast, ranging from 2003 to 2019 with a gap of 16 years, which complicates the analyses. The
raw precipitation data from gauged stations have 30 min time step,requiring transformation to a
daily, monthly and annual time scale. The transformation is the sum of the values recorded at a time
step of 30 min. The satellite data have a daily, monthly and annual time step, enabling statistical
intercomparison analyses. For satellite data extraction, we adopt the proximity criterion, selecting
the pixel value that coincides with or is closest to the geographical position of the weather station.
Statistical tests are conducted over different time period from each station to another, due to their
different commencement dates. Multiscale tests are applied while considering the variability and
magnitude of the time scales (daily, monthly and annual). The range of data chosen for comparison
tests has no gaps in the recordings, making the analyses more reliable and representative.

3.1. Characteristics of Rainfall Products and Gauged Stations

Each meteorological station is presented by its geographical coordinates, altitude, date of first
start-up, parameters measured and frequency of measurement, see Table 1. The present study took five
automatic measuring stations belonging to LMI TREMA [23], which are well distributed geographically
across the study area. Given the proximity of the Graoua and Agdal stations, we choose to use data
from the Agdal station, which offers better data quality. Similarly, for the Laraba and Saada stations,
we selected Laraba because of its longer measurement period than Saada. Thus, the weather stations
selected provide representative, spatially well distributed data that are sufficient for intercomparison
studies.

Table 1. Characteristics of gauged stations in central Haouz plain.

Station X Y Altitude (m) First Start-up
Date Frequency

Agafay -8.24378 31.49711 479 2003-Present 30 min
Agdal -7.98143 31.59856 506 2004-Present 30 min

Graoua -7.91641 31.58444 523 2003-Present 30 min
Ghmate -7.80290 31.42273 761 2019-Present 30 min
Laraba -7.67748 31.66089 782 2017-Present 30 min
Saada -8.15673 31.62859 415 2022-Present 30 min

Tameslouht -8.09430 31.49745 554 2018-Present 30 min
All stations measure the following climatic variables: rainfall, temperature, wind speed, humidity and solar radiation.

For satellite and reanalysis products, the value is assigned to the pixel corresponding to the spatial
location of the measuring station. Satellite data cover several spatial and temporal scales, Table 2 lists
the characteristics of each satellite and reanalysis product used for precipitation estimates.
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Table 2. Characteristics of gauged stations in central Haouz plain.

Product Spatial
Resolution

Temporal
Resolution Time Span Data Source Coverage Access Link

CHIRPS 0.05° ( 5 km) Daily,
Monthly 1981–present

Infrared
satellite +

gauge-based
corrections

Global
(50°S–50°N)

https:
//www.chc.

ucsb.edu/
data/chirps

ERA5-Ag 9 km ( 0.08°) Hourly,
Daily 1950–present ECMWF

reanalysis Global

https://cds.
climate.

copernicus.
eu/

GPM 0.1° ( 10 km) Half-hourly,
Daily 2000–present

Multi-
satellite +

gauge
correction

Global
(60°S–60°N)

https:
//gpm.nasa.

gov/data/
directory

PERSIANN-
CDR

0.25° ( 25
km) Daily 1983–present

Infrared-
based with

machine
learning

corrections

Global
(60°S–60°N)

https:
//www.ncei.

noaa.gov/
products/
climate-

data-
records/

precipitation-
persiann

CFSR 0.2° ( 20 km) Hourly,
Daily

1979–2010
(Replaced by

CFSv2)

NOAA
NCEP

Reanalysis
Global

https://rda.
ucar.edu/
datasets/
ds093.0/

3.2. Statistical metrics

Assessing the robustness of satellite and reanalyzed precipitation products by comparing them
with meteorological stations measurements is an approach adopted by several authors [24–30]. Statisti-
cal measures are used to evaluate satellite and reanalysis datasets by analyzing estimation errors in
relation to gauged station measurements. The principal metrics employed to assess the performance
of satellite and reanalysis products in estimating precipitation are presented in Table 3.

Table 3. Characteristics of gauged stations in central Haouz plain.

Metrics Formulas Interpretation

RMSE RMSE =
√

1
n ∑n

i=1(yi − ŷi)2
Lower RMSE values indicate better

model performance,while higher
values indicate larger errors.

MAE MAE = 1
n ∑n

i=1 |yi − ŷi|
A lower MAE indicates a better

fit,while a higher MAE suggests a
less accurate model.

NSE NSE = 1 − ∑n
i=1(yi−ŷi)

2

∑n
i=1(yi−ȳ)2

An NSE of 1 indicates perfect
prediction.

Bias Bias = 1
n ∑n

i=1(ŷi − yi) A bias close to 0 is ideal.

Pearson Correlation r = ∑n
i=1(yi−ȳ)(ŷi− ¯̂y)√

∑n
i=1(yi−ȳ)2 ∑n

i=1(ŷi− ¯̂y)2

A value of 1 indicates perfect
correlation.

ŷi : estimated value. yi : Observed values. ȳ: Mean of observed values. ¯̂y: Mean of Estimated values. n: Total number of
observations.

The root-mean-square (RMSE) metric is used to assess the dispersion between measured and
estimated values, and provides an overview of the ability of models (in our case, satellites and
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reanalysis products) to provide estimates of variables that are closer to in situ measurements. Several
studies have employed this parameter to assess model outputs and quantify the differences between
simulated and observed data [31–34].

Systematic errors and deviations in measurements or estimations are quantified by Bias. The
output of a model is biased when it differs from the actual values. A high bias indicates the model’s
weakness in capturing the complexity of the data, while a low bias indicates that the model provides
fewer errors and that the outputs are closely matched to the real data. The relationship between Bias
and variance must be considered into account when validating a model, as the balance between these
two parameters is essential if the model is to be accurate and reliable. In general, a low Bias produces
accurate outputs, while a low variance provides consistent outputs. The value of Bias ranges between
the infinite interval (-∞,+ ∞), with a value of 0 indicating complete agreement between measured and
estimated values.

The Pearson R correlation index, commonly used by researchers in many fields [16,35–40] , is
a statistical measure that quantifies the linear relationship between two variables and assesses the
degree of interdependence between them. This index is used to assess the linear fit of precipitation
between satellite products and weather stations. Pearson’s R coefficient is the product of dividing
the covariance of the two variables by the product of their standard deviations. The value of R lies
between the interval -1 and 1. Values below 0 indicate that the relationship between the variables
is negative, i.e. if variable X increases, variable Y decreases, and vice-versa; an R coefficient of zero
indicates that there is no linear relationship between the two variables. In terms of interpretation, a
correlation does not indicate a causality, but rather signifies a concrete statistical relationship. On the
other hand, a hidden common factor may influence both variables, creating the causal relationship.

3.3. Classification Metrics and Wavelet Analysis

The intercomparison of satellite and reanalyzed products is improved by the application of other
statistical measures, such as classification metrics. Detailed visualization of each product’s performance
is explored through the confusion matrix. By definition, this matrix is a table showing the true and
false predictions for each class. The calculation of classification metrics depends on this matrix. For a
binary classification problem (rainy day or dry day), the shape of the matrix is shown in Table 4. The
classification threshold is an important criterion that should be defined when calculating the matrix.
This threshold defines the minimum amount of precipitation from which such a day is considered as
rainy, for the case of the present study, we have defined a threshold of 1 mm, by which all days with
precipitation greater than or equal to 1 mm will be classified as a rainy day, while for days less than 1
will be classified as dry days.

Table 4. Confusion matrix forme.

Estimated : Rainy Estimated : Not rainy

Observed : Rainy True Positives (TP) False Negatives (FN)
Observed : not rainy False Positives (FP) True Negatives (TN)

Classification metrics are derived from the confusion matrix. Accuracy is one of the classification
metrics, measuring the percentage of agreement between observed and estimated data, which is aimed
to assess the overall reliability of the products. Precision Indicates the proportion of days estimated as
rainy which were actually rainy according to the measuring stations. Recall measures the product’s
ability to detect all the rainy days recorded by the weather stations. The F1-Score metric is an average
between recall and precision, useful for evaluating the overall performance of products. Cohen’s
Kappa metric evaluates products by measuring the agreement between estimates and actual values.
Table 5 below shows the formulas for calculating these metrics.
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Table 5. Classification metrics used in this study.

Metrics Formule

Accuracy Accuracy = TP+TN
TP+TN+FP+FN

Precision Precision = TP
TP+FP

Recall Recall = TP
TP+FN

F1-Score F1 = 2 × Precision×Recall
Precision+Recall

Cohen’s Kappa κ =
Observed Accuracy−Expected Accuracy

1−Expected Accuracy
TP (True Positives): Correctly detected rainy days, TN (True Negatives): Correctly detected dry days, FP (False Positives): Dry
days incorrectly predicted as rainy, FN (False Negatives): Rainy days incorrectly predicted as dry

Wavelet analysis provides a significant additional value in the study. This approach makes it
possible to examine rainfall variations on different time scales. By analyzing the wavelet spectrum of
each series, we can identify the dominant periods of observed and estimated precipitation, and see the
rainfall event capture performance of each product. The process of applying this method is described
as follows ; The first step concerns data preprocessing, which is crucial for ensuring the reliability
of the results, and the preparation of data series so that the comparison series must cover the same
period and have the same temporal resolution (daily, monthly or yearly). The second step involved
the application of wavelet transforms. We chose the Continuous wavelet transform (CWT) to analyze
the temporal signals; as opposed to the Fourier method, the CWT decomposes the signal into fixed
frequencies, enabling us to analyze the variability of precipitation as a function of frequency and time,
thus generating a temporal spectrogram showing the differences in precipitation between stations and
satellite products and reanalyzing them.

The mathematical expression of CWT (1) is written as follows :

W(a, b) =
∫ +∞

−∞
x(t)ψ∗

a,b(t) dt (1)

With W(a, b): wavelet coefficients associated with scale a and time position b, and

ψ∗
a,b(t) =

1√
a

ψ

(
t − b

a

)
(2)

is the Mother wavelet function (2).
The complex Morlet wavelet was selected for the reason that it is better adapted to climatic series.

Scales from 1 to 50, on the other hand, enable precipitation cycles to be analyzed at different temporal
resolutions. The wavelet parameters used are listed in Table 6 below.

Table 6. Wavelet parameters used for precipitation data analysis.

Parameter Value used Description

Wavelet type Cmor1-2.5 Complex Morlet wavelet with
parameters 1, 2.5

Sampling period dt = 1 Time step set to 1 year (data is
annual).

Wavelet scales np.arange(1, 50)
Range of scales used for the

Continuous Wavelet Transform
(CWT).

Associated frequencies Freqs (computed by PyWavelets) Frequencies corresponding to the
scales.

Detrending Detrend(data)
Removal of the linear trend from

the time series.
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3.4. Application of Quantile Mapping for Bias Correction

The product selected is often biased, which means that direct use of the raw precipitation series
may have a negative effect on the hydrological modeling results. The quantile mapping method
is used to correct bias in the product’s precipitation series. This method adjusts the distribution
of product data to match a reference series (measuring stations) [41–44]. This technique works
by constructing cumulative distribution functions (CDFs) for both datasets (satellite / reanalysis
products and weather station data). It then identifies equivalent quantiles in the biased distribution,
establishing a correspondence with observations. In concrete terms, each value in the biased data is
adjusted according to this correspondence and replaced by a value closer to the observed data. The
mathematical expression of the CDFs function is given by formula 3 below:

Xcorrected = F−1
observed(Fbiased(XBiased)) (3)

With XBiased representing the biased data, Fbiased their empirical CDF, and F−1
observed the CDF of the

observed data, Fbiased(XBiased) gives the quantile of the biased data, and F−1
observed adjusts this quantile

to the observed data.

4. Results
Plots of the precipitation values measured and those from satellites and reanalysis products gives

an idea of the variability of the data in relation to the gauged stations measurements. The data show a
cyclical trend, providing information on dry and wet periods [45], There are also peaks distributed
irregularly over time, which indicate periods of thunderstorms recorded at the stations [46,47]. We
can already observe that precipitation values are both overestimated and underestimated by products.
This variability must be quantified by applying the statistical metrics already mentioned. The accuracy
of satellite products and climate models depends on the study’s objective, especially for precipitation.
For applications like flood modeling, high temporal precision and minimal errors are crucial to ensure
reliable hydrological calculations [9]. On the other hand, study focusing on aquifer recharge from
rainfall generally operate on an annual time scale. The range of precipitation data provided by the
products is practically 20 years long, which is practically large enough to assess their performance.

4.1. Application of Statistical Continuous Metric for Raw Data (Daily, Monthly and Annually)

At the daily scale, mean absolute errors show similar values from one product to another, with
a mean value of 0.85. The CHIRPS product shows the highest mean in the 5 stations (MAE = 1.6),
while CFSR and GPM show minimal values compared to the other products (0.77 and 0.76). As for
RMSE, CHIRPS shows the highest values in all five products (RMSE = 6), while ERA5_Ag shows the
lowest (RMSE = 2.5). The other products are evenly distributed. The Nash-Sutcliffe Efficiency (NSE),
on the other hand, shows negative trends in several products, while the CHIRPS product still shows
significant negative values in all stations, while the ERA5_Ag product shows positive values in all
stations with the exception of the Agdal station with a negative value see Figure 2.

On a monthly scale, MAE shows different values from one product to another, with an average
value deviation of 17 between the observed and estimated values, the product CHIRPS still shows
the highest value in the 5 stations (MAE = 30) while PERSIANN_CDR and GPM show minimal
values compared to the other products (10 and 13). As for RMSE, CHIRPS and ERA5_AG show the
highest values across all five products (RMSE = 32 and 28, respectively, while the other products are
contrasted from station to station, with PERSIANN_CDR showing the lowest values (RMSE = 15 at
the Tameslouht station). Nash-Sutcliffe Efficiency (NSE) values contrasted strongly between products,
with CHIRPS showing negative trends at all stations except Agafay, while PERSIANN_CDR showed
positive values at all stations. The other products show alternating negative and positive values across
different stations, see Figure 3.

As for the annual scale, the highest calculated MAE value is that of the ERA5_Ag product (MAE
= 260 at the Agdal station), while the CHIRPS product has the lowest average of the 5 stations (MAE
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= 36 at the Agdal station), with the other products fluctuating between them. In terms of RMSE,
ERA5_Ag has the highest value of the five products (RMSE = 260 at the Agdal station), the other
products contrast from station to another one, with CHIRPS showing the lowest values (RMSE = 42 at
the Ghmate station). On the other hand, the Nash-Sutcliffe Efficiency (NSE) shows highly contrasted
values, with the best performance recorded at the Laraba station, where the CHIRPS product showed
a value of 0.65. Values close to 0 are expressed by the PERSIANN_CDR product, with negative values
of CFSR product at the Ghmate and Tameslouht stations (-48 and -5 respectively), and other minimum
negative values at the Agdal station see Figure 4.

Figure 2. Statistical metrics of the weathers stations compared to rainfall products in the study area – Daily time
steps.
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Figure 3. Statistical metrics of the weathers stations compared to rainfall products in the study area – Monthly
time steps.
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Figure 4. Statistical metrics of the weathers stations compared to rainfall products in the study area – Annualy
time steps.

4.2. Evaluation of Bias in Rainfall Products

Bias, which measures trends in the over or underestimation of precipitation products, is an
essential complement to statistical metrics. It can be used to detect directional errors, which provides
an additional perspective on product performance. On a daily scale, the observed bias values are
quite low, ranging from 0.2 to 0.8. While this may suggest that data is perfect, but this is not the
case. This apparent precision is explained by the high prevalence of zero values in the precipitation
series, a typical feature of semi-arid climates, and by the low amounts of precipitation recorded, which
influence the structure of the data. However, for a more comprehensive assessment, it is necessary to
analyze the bias at broader temporal scales, such as monthly and annual. The Table 7 shows the bias
values for each station, for both monthly and annual time scales.
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Table 7. Precipitation Bias Analysis.

Gauged station CFSR CHIRPS ERA5_Ag GPM PERSIANN_CDR

A M A M A M A M A M

Agafay -2.25 -26.93 -3.59 -42.95 5.98 71.48 -2.28 -27.27 -1.28 -15.42
Agdal -5.92 -71.06 2.12 25.42 21.98 263.77 5.83 69.97 6.66 80.03
Ghmate 16.89 168.91 13.04 130.49 9.79 97.91 10.04 100.40 -7.13 -71.33
Laraba -3.54 -41.99 3.16 37.52 8.25 97.84 1.76 20.88 -0.70 -8.36
Tameslouht 12.97 136.25 5.49 57.72 10.63 111.71 5.19 54.54 -0.70 -7.38

M: Monthly, A: Annualy

The analysis of variability in precipitation at different stations reveals distinct trends among
the products studied. In general, some products show a marked underestimation (negative bias),
while others overestimate observed precipitation (positive bias). At Agafay, the CFSR, CHIRPS, and
GPM products systematically underestimate precipitation, although the difference with observations
remains moderate. In contrast, ERA5_Ag shows a marked overestimation, while PERSIANN_CDR has
a more moderate negative bias. At Agdal, CFSR underestimates precipitation, while CHIRPS slightly
overestimates it. The ERA5_Ag, GPM, and PERSIANN_CDR products show a trend to overestimation,
with ERA5_Ag having the highest bias, indicating a notable overestimation. In Ghmate, all products
except PERSIANN_CDR show a tendency to overestimate, in particular CFSR and CHIRPS, which
have very high biases. In Laraba, CFSR and PERSIANN_CDR underestimate precipitation, but with
relatively small biases. Inversely, CHIRPS, ERA5_Ag, and GPM overestimate precipitation, with
ERA5_Ag showing the largest discrepancy. At Tameslouht, CFSR, CHIRPS, ERA5_Ag, and GPM
overestimate precipitation, and CFSR shows the highest bias. GPM shows a more moderate positive
bias, while PER-SIANN_CDR shows a slight underestimation.

4.3. Correlation Analysis of Rainfall Product Performance

As a complement to the statistical tests already conducted in the present study, correlation
analysis identifies the best performing products by quantifying the strength and direction of the linear
relationship between the two data sets (measured and observed) and provides an understanding
of their spatio-temporal behavior. Table 8 below illustrates the correlation values between gauged
stations and the rainfall products.

Table 8. Correlation coefficients of precipitation products with ground-based stations across three time steps:
daily, monthly, and yearly.

Station CFSR CHIRPS ERA5_Ag GPM PERSIANN_CDR

D M Y D M Y D M Y D M Y D M Y

Agafay 0.58 0.73 0.59 0.38 0.75 0.50 0.64 0.70 0.64 0.63 0.75 0.51 0.38 0.74 0.55
Agdal 0.58 0.67 0.42 0.01 0.20 0.74 0.66 0.80 0.86 0.57 0.78 0.52 0.36 0.76 0.67
Ghmate 0.49 0.44 0.93 -0.01 -0.08 0.37 0.67 0.81 0.99 0.25 0.29 -0.64 0.25 0.70 0.92
Laraba 0.55 0.62 0.83 0.01 0.35 0.98 0.72 0.85 0.97 0.63 0.69 0.87 0.27 0.55 0.40
Tameslouht0.48 0.37 -0.74 -0.02 -0.32 0.46 0.62 0.72 -0.98 0.50 0.59 0.95 0.25 0.69 0.51

D: Daily, M: Monthly, A: Annualy

The rainfall products evaluated show varied performance according to station and time scale
(daily, monthly, annual). The CFSR product shows variable performance from moderate to stable
correlations on the daily and monthly scales (e.g. 0.58 to 0.73 at Agafay), with a clear improvement on
the annual scale for some stations, reaching 0.93 at Ghmate and 0.83 at Laraba. However, at Tameslouht,
low results were observed, with a daily correlation of -0.74. For CHIRPS, daily correlations are generally
low (often below 0.4), but improve considerably at monthly (0.75 at Agafay) and annualy (0.74 at
Agdal, 0.98 at Laraba) scales. At Ghmate, performances are inconsistent, with negative correlations at
the monthly scale. ERA5_Ag is the most robust product, displaying high and stable correlations at
all scales, including the annual scale (0.99 at Ghmate and 0.97 at Laraba). However, at Tameslouht, a
notable exception occurs, with an annual correlation falling to -0.98. The GPM product shows great
variability, while its performance is moderate on the daily and monthly scales (0.57 to 0.78 at Agdal), it
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shows strong variability on the annual scale, with a correlation of 0.95 at Tameslouht versus -0.64 at
Ghmate. Lastly, PERSIANN_CDR shows generally low correlations on a daily basis (0.25 to 0.38), but
a notable improvement on a monthly (0.74 at Agafay) and annual (0.92 at Ghmate and 0.76 at Agdal)
scales. Graphical illustrations of the correlation are shown in Figure 5 below.

(a) (b) (c)

Figure 5. Pearson correlation of precipitation products with ground-based stations across three time steps: daily,
monthly, and yearly.(a) Daily, (b) Monthly, (c) Annualy.
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4.4. Wavelet Approach to Temporal and Extreme Event Analysis

Evaluation of rainfall products is enhanced by the integration of advanced analyses, i.e. wavelet
analysis and classification metrics. The combination of these two approaches provides a better under-
standing of the product’s weaknesses, refining adjustments and optimizing their use for hydrological
applications. Although CHIRPS shows better correlations on an annual scale at some stations, its daily
performance remains poor. Wavelet analysis can target these differences, splitting time series into
different frequency scales and identifying disparities in the representation of temporal variations. On
the other hand, despite the reliability of the ERA5_Ag product, it presents high biases in some stations,
such as Agdal. Classification metrics highlight if these biases relate to specific event types, such as the
inability of this product to capture heavy precipitation (extreme events). The reliability of a product
lies in the fact that it is accurate at 3 time scales (daily, monthly or annual) and that it is capable of
representing extreme events that are essential for hydrological applications. It’s clear that these two
approaches are complementary: wavelet analysis gives a global view of performance across the 3 time
scales, while classification metrics provide a targeted assessment of specific events (the ability to detect
intense rainfall).

4.4.1. Visualization of the Continuous Wavelet Transform (CWT)

A first perception reveals that, according to the interpretation of the power spectrum of all
products, we observe on each product some peaks at specific frequencies with variable positions and
amplitudes. These peaks reflect the periodicity of precipitation. The aim of this study is to analyze
the correspondence between these peaks with those of the gauged stations. The scalogram shows the
evolution of periodicity over time, intense colors indicate high signal strength at a given frequency at a
given time. The scalogram of the measuring station, can be compared with that of the precipitation
products to see if they reproduce the same temporal variations of the stations. As for global power
spectrum, it assesses the similarity between product data and stations, directly comparing the power
distribution between different products. Identical curves indicate a better correspondence in terms
of frequency, while differences show discrepancies in the total variance of the products. Interpreting
the results of the wavelet analysis involves assessing the graphical conformity of the weather station
parameters with the precipitation products shown in Figure 6.
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(e)

Figure 6. Wavelet Power spectrum and scalograms - Yearly time scale at five gauged stations, red line refers to the
global power spectrum of products where the dashed blue line refers to the one of gauged stations (a) Agafay
station. (b) Agdal station, (c) Ghmate station, (d)Laraba station, (e)Tameslouht station.

4.4.2. Power Spectrum Analysis

At the Agafay station, there is a dominant low frequency peak (around 0.1 - 0.2 Hz, corresponding
to longer periods), which reflects a significant seasonal variation in precipitation. There is also a
small peak at a higher frequency, reflecting periods of exceptional precipitation. As for the rainfall
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products, CFSR appears to be less detailed and accurate than the real data, while CHIRPS, GPM and
PERSIANN_CDR show power distributions close to the real data, but with some differences. We also
find that the ERA5_Ag product shows a power distribution very close to real data, with well aligned
high power zones. As for the Agdal station, the observed data show a dominant low frequency peak
(same as the Agafay station). Comparison of the product’s power spectrum revealed that GPM and
PERSIANN_CDR do show peaks at frequencies similar to those of the measurement station, although
their amplitudes may vary. CHIRPS and ERA5_Ag also seem to capture the dominant low frequency,
but with a different amplitude. CFSR seems to reproduce less well the peaks observed in the station
data. For the Ghmate station, there is a dominant low frequency peak (0.1-0.2Hz), which in turn reflects
interannual variations. The CHIRPS, ERA5_Ag, GPM and PERSIANN_CDR products reproduce the
dominant low frequency peak observed at the station, with a slight variation in amplitude between
the different products. The Laraba station shows a very pronounced low frequency peak, and the
CHIRPS, GPM, ERA5_Ag and PERSIANN_CDR products reproduce this low frequency peak with
amplitudes close to those at the station. Finally, at the Tameslouht station, two peaks are observed: the
first is very clear at low frequency (around 0.1 - 0.2 Hz) and a second, less significant peak is observed
at higher frequency (around 0.4 - 0.5 Hz). As for the rainfall product, CHIRPS, GPM, ERA5_Ag and
PERSIANN_CDR reproduce the dominant low frequency peak, with amplitudes broadly similar to
those at the station. They also show a trace of the second peak at higher frequencies. In contrast,
the CFSR product also reproduces the dominant low frequency peak, but with a significantly lower
amplitude. The second peak at higher frequencies is virtually non existent.

4.4.3. Scalograms Analysis

The intensity of the colors represents the strength of the signal, with warm red being interpreted
as the period of maximum variation. At the Agafay station, we can see areas of high signal strength
(warm colors) that seem to correspond temporally to certain variations. The CHIRPS, GPM, ERA5_Ag
and PERSIANN_CDR products captured these temporal variations, while the CFSR product was
unable to capture them. At the Agdal station, 3 zones of varying power were observed, with two
zones located at low frequency with high power, followed by a zone of moderate power at high
frequency. The GPM and PERSIANN_CDR products captured these variations well, while CHIRPS
and ERA5_Ag captured the low frequency variation with the exact amplitude, but were unable to
capture the high frequency zones. On the other hand, the CFSR product shows a weaker visual match
with the station, with lower intensity and less pronounced patterns. For the Ghmate station, the
CFSR and ERA5_Ag scalograms show zones of high power (warm colors) that correspond in time to
the variations observed in the station’s scalogram, especially at low frequencies (large scales). This
suggests a good ability to reproduce long-term temporal variations. Whereas the CHIRPS, GPM
and PERSIANN_CDR scalograms show less visual correspondence with that of the station, with an
overall intensity more pronounced than that of the station. For the Laraba station, the CFSR and
ERA5_Ag scalograms show zones of high power that correspond to the variations observed at the
measuring station. The CHIRPS product also captures these variations, but at low power. The GPM
and PERSIANN_CDR products show patterns of intensity different from those at the measurement
station. Lastly, the Tameslouht station shows an area of high power at low frequency, corresponding
to temporal variations in precipitation. While the CHIRPS, GPM, ERA5_Ag and PERSIANN_CDR
products capture these long-term variations well, we also note that the CFSR product shows a weak
correspondence with that of the station, marked by lower intensity and less pronounced patterns in
Figure 6.

4.4.4. Global Power Spectrum Analysis

The global power spectrum corresponds to the average power spectrum over the entire period,
offering a direct comparison of dominant frequencies between the products and the station. At the
Agafay station, 4 peaks between 0.1 and 0.5 Hz confirm the previous observations. The CHIRPS product
plot illustrates the peaks with an amplitude totally different from that of the station ( minor peaks),
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while the CFSR product shows a perfect match, capturing the low frequency peaks, but expressing
a weakness in capturing high frequency variations. The ERA5_Ag and PERSIANN_CDR products
showed a strong match to station variations (tending to capture both high and low frequency variations
well). The GPM product expressed a medium match, as it presented only two low frequency peaks,
while it failed to capture high frequency variations. For the Agdal station, the GPM, ERA5_Ag and
PERSIANN_CDR products perfectly captured temporal variations at both low and high frequencies,
with a difference in power between them. The CHIRPS and CFSR products capture all the variations,
but with a high power contrast (CHIRPS minimizes power and CFSR maximizes power at high
frequencies and minimizes it at low frequencies). As for the Ghmate station, a dominant peak is
observed around frequency 0.5 Hz, ERA5_Ag and GPM reproduce the peak well with a slight difference
in power, while CHIRPS and PERSIANN_CDR show two low-power peaks distributed between 0.1
and 0.5 Hz, while CFSR increases the peak. For the Laraba station, we observe two confused peaks
spread between the frequencies 0.3 and 0.5, the CFSR and ERA5_Ag products reproduce these two
peaks well, we also find that GPM and CHIRPS show peaks with a poor match with the station, the
PERSIANN_CDR product expresses a poor match with the station (peak very much reduced at 0.1 Hz).
Moving at the Tameslouht station, the relative peaks are confused (the first is at 0.3 Hz, the second is
at 0.6 HZ). It can be noted that the CFSR product reproduces a peak at the average frequency of the
two station’s peaks with the same power, which is validated by previous observations, the GPM and
ERA5_Ag products reproduce the same peaks but with different powers (they minorize the peaks),
on the other hand, the CHIRPS product was unable to generate any peaks, showing a stable line of
power 0.

4.5. Classification Metrics Analysis

Evaluation of the rainfall products compared with meteorological station data showed significant
disparities in terms of detection of dry and rainy days. Analysis of the confusion matrix, Figure 7, for
the different stations and products shows that at the Agafay station, the ERA5_Ag product detects
rainy days well, with an overestimation of precipitation. A good balance is shown by the CHIRPS
product, with some rainy days missed. For the Agdal station, the GPM product detects rainy days
better, with moderate errors, while ERA5_Ag overestimates precipitation. For the Ghmate, Laraba
and Tameslouht stations, the ERA5_Ag product offers better results. The PERSIANN_CDR product
generates more false precipitation.
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(a) (b) (c) (d) (e)

Figure 7. Confusion matrix for different products and stations, dark green indicates a high value
whereas light green indicates a low value. The overall structure of the confusion matrix is as follows:
True Negatives (TN): “No Rain” correctly predicted (top left). False Positives (FP): “Rain” wrongly
predicted (top right). False Negatives (FN): “No Rain” wrongly predicted (bottom left). True Positives
(TP): “Rain” correctly predicted (bottom right), (b) Agafay station, (b) Agdal station, (b) Ghmate
station, (b) Laraba station, (b) Tameslouht.

The classification metrics offers a complementary perspective to the previous analyses, 398
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Figure 7. Confusion matrix for different products and stations, dark green indicates a high value whereas light
green indicates a low value. The overall structure of the confusion matrix is as follows: True Negatives (TN): “No
Rain” correctly predicted (top left). False Positives (FP): “Rain” wrongly predicted (top right). False Negatives
(FN): “No Rain” wrongly predicted (bottom left). True Positives (TP): “Rain” correctly predicted (bottom right),
(b) Agafay station, (b) Agdal station, (b) Ghmate station, (b) Laraba station, (b) Tameslouht.

The classification metrics offers a complementary perspective to the previous analyses, and
provides a better understanding of the strengths and limitations of each product. The set of metrics
deployed is used to assess the products’ ability to detect rainfall events and distinguish between all
rainy days. This analysis focuses solely on daily precipitation, as the threshold for declaring a rainy
day is set at 1 mm. A transformation of the database is therefore necessary to facilitate the calculations.
Figure 8 below shows the histograms of each metric for each station.
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Figure 8. Performance comparison of precipitation products based on several evaluation metrics.

Analysis of the performance of precipitation products (GPM, CFSR, ERA5_Ag, CHIRPS and
PERSIANN_CDR) at five stations (Agafay, Agdal, Ghmate, Laraba and Tameslouht) reveals significant
differences. ERA5_Ag stands out as the most reliable, demonstrating impressive recall (up to 0.85) and
high F1 scores (up to 0.6), supported by robust Cohen’s Kappa coefficients (up to 0.55). GPM and CFSR
follow close behind, with solid performances, notably in terms of accuracy and F1 score, although
they do not outperform ERA5_Ag. On the other hand, PERSIANN_CDR and especially CHIRPS
showing weak results, even negative in some cases. As a complement to assess the performance of
these products, particularly in contexts where the classes are unbalanced, such as the detection of rainy
days from dry days which are more frequent, we use the precision-recall curve to show the trade-off
between precision and recall for the chosen threshold. Curves that maintain high precision over a wide
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recall range reflect the product’s ability to detect rainy days, while a sharp drop in precision as recall
increases reflects the product’s weakness in generating many false positives as it tries to capture more
rainy days. Figure 9 provides a good illustration of the precision-recall curves applied to all products.
The analysis of these latters reveals the following results:

• Products with Balanced Performance : The GPM and PERSIANN_CDR products demonstrate
relatively stable curves across several stations, notably Agafay, Agdal, and Laraba. This stability
indicates their ability to balance precision and recall effectively.

• Products with Variable Performance : The ERA5_Ag product exhibits variability depending on
the station. For example, at Ghmate, the curve shows better stability; however, at Tameslouht,
precision decreases rapidly as recall increases.

• Products with Limitations : The CHIRPS and CFSR products display very steep curves for most
stations, with precision dropping quickly. This trend indicates a challenge in maintaining a good
balance between precision and recall.
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Figure 9. precision-recall curve for different satellite and reanalysis products.
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In summary, wavelet analysis completes the evaluation of rainfall products, in order to selecte an
effective one for deployment in hydrological studies in the study area. This evaluation was carried out
on two scales: firstly, analysis of the products’ ability to capture the signal, and secondly, identification
of the presence or absence of seasonal and interannual variability. It can be seen that all products show
good capture of the dominant seasonal signal (annual frequency), although differences are observed
in intensity and variability. The CHIRPS and ERA5_Ag products reproduce interannual variations
corresponding to specific climatic events. PERSIANN_CDR and GPM products are also found to
frequently underestimate precipitation. The biases noted in CFSR and PERSIANN_CDR, and the
underestimation of intense events by CHIRPS, limit their direct use in hydrological studies. ERA5_Ag
and GPM are therefore recommended for their reliability. However, to improve their efficiency , it is
recommended that all significant biases must be corrected.

4.6. Application of Bias Correction

We observed that although the products track local rainfall patterns well, their rainfall amounts
don’t match the measured data.To overcome this problem, we use the quantile mapping technique
to correct biases and generate a final corrected dataset. An assessment of the effectiveness of the
correction is carried out by calculating the bias and other statistical measures after correction. It is
important to note that this correction is applied to two products that appear to be the most effective in
the study area: ERA5_Ag and GPM. The temporal evolution of the bias provides valuable information
on the performance of a product in reproducing precipitation comparable to that measured by stations.
Analysis of raw data often reveals significant variations, reflecting systematic errors attributable to
a variety of causes, such as extreme weather events or seasonal variations poorly captured by the
model (or satellite). Graphs comparing the evolution of raw and corrected data enable us to assess
the quality of the adjustments applied to correct bias. In particular, we can observe a significant
reduction in variations at many stations, with a better match between corrected precipitation peaks
and those recorded by the stations. The correction was performed on daily time-step data, followed
by a transformation of the corrected data to monthly and annual scales for a more global analysis.
Figure 10 show graphs of the evolution of the bias on a monthly and annual scale respectively. At the
daily scale, the graphs appear more condensed due to the large number of days in the database. For
this reason, the monthly and annual scales are preferred in the illustrations, offering a clearer, more
legible view of variations and peaks in bias.
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(c) (d)

Figure 10. Graphical illustration of bias evolution of raw and corrected data of rainfall products (ERA5_Ag and
GPM), blue dashed lines indicate corrected data, yellow lines indicate raw data, (a) ERA5_Ag monthly scale, (b)
GPM monthly scale, (c) ERA5_Ag Annual scale, (b) GPM Annual scale.

The correlation between corrected, raw and measurement station data is illustrated in the Figure 11.
There is a marked improvement in correlation at several stations for both products, while maintaining
the same general trends, with strong correlations already present in the initial data. The most significant
observation is that the GPM product shows a tendency to improve correlation at many stations.
Although this improvement remains moderate, it reflects better data quality after correction. In
contrast, the ERA5_Ag product shows no significant change in correlations, reflecting the intrinsic
quality of the raw data, which already correlate well with observations. However, bias correction
remains essential before any direct exploitation of the data.
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(c)

Figure 11. Correlation graphs of precipitation data from rainfall products (ERA5_Ag and GPM) and weather
station data at different time scales (daily, monthly and yearly). (a) Daily scale. (b) Monthly scale, (c) Annual scale.
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The plots in Figure 12 show the comparison of cumulative distribution functions (CDF) of
precipitation for raw (uncorrected) and corrected data, between weather stations and ERA5_Ag, GPM
products. Discrepancies between the curves indicate differences in precipitation estimates between the
different products. Looking at the raw (uncorrected) data, we can clearly see that the curves of the
two products (ERA5_Ag and GPM) are offset from that of the station, which confirms the significant
bias of the products. After bias correction, the graphs show curves very close to those of the stations,
indicating the improved accuracy of the products after correction.

(a) (b)

Figure 12. CDF comparison of weather station data and rainfall products (ERA5_Ag and GPM) before correction
and after correction.(a) Raw data, (b) Corrected data

Precipitation time plots for all measurement stations, as well as for the ERA5_Ag and GPM
products, are shown in the Figure 13. Both products perform remarkably well after correction, with
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rainfall event peaks precisely aligned with those observed at the measurement stations, confirming the
effectiveness of the correction applied. What’s more, they better capture the temporal variability of
precipitation, making them well qualified for integration into hydrological models, enabling results to
be reliably exploited.

(a) (b)
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(c) (d)

Figure 13. Temporal Evolution of Precipitation : Comparison of Corrected ERA5_Ag and GPM Products with
Measurement Stations, the black line represents the weather station, the dashed lines represent the corrected
products (blue for ERA5_Ag and green for GPM), the red line corresponds to the raw ERA5_Ag product, and the
light blue line corresponds to the raw GPM product, (a) monthly scale for ERA5_Ag, (b) yearly scale for GPM, (c)
yearly scale for ERA5_Ag, (d) yearly scale for GPM.

5. Discussion
In a context of climate change, the use of longer time series of climate variables, of which rainfall is

a part, is becoming essential. The challenge resides in the quality of the data provided by the products,
which in turn requires a revolution in the development of new satellite data processing algorithms. In
the present study, the results of the statistical metrics show considerable variability in the performance
of the different products, depending on the time scale. We find that the CHIRPS and ERA5_Ag
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products seem the most contrasted, with CHIRPS showing a tendency to underestimate precipitation
and ERA5_Ag to overestimate it. The PERSIANN_CDR and GPM products show relatively stable
performance [48–51], but are not always the most accurate. The CFSR product, while showing low
errors on the daily scale, performs less well on the monthly and annual scales. Similar results have
been revealed by other researchers, with [52–54] finding that PERSIANN failed to capture precipitation
variability, which was expressed by diminished performance when applying a hydrological model,
and [6] found that PERSIANN_CDR tended to underestimate precipitation at most stations, He also
mentioned that ERA5 tends to overestimate precipitation and CHIRPS to generate good precipitation
variability, on the other hand [55] found that ERA5 provided good hydrological simulation results
very close to observations in North America, the same results are found by [6] in a comparison study
of reanalyzed precipitation products. On the other hand, [56] mentioned that CHIRPS overestimates
precipitation on a monthly scale. Thus, from these investigations we can already observe that each
product expresses its performance in a specific spatio-temporal context. In the local context, studies
have been carried out in the study area, with the aim of using and comparing precipitation from
satellite products and reanalysis climate models with measurements from weather stations [57–60]. The
evaluation of PERSIANN-CCS-CDR, ERA5 was carried out by [58] with the aim of assessing drought
in the Tensift basin, of which the central Haouz is a part, and revealed that both products correlate well
with station measurements, as well as finding that PERSIANN-CCS-CDR performs well in calculating
drought indices. The study by [60] also showed that PERSIANN-CDR and ERA5 are among the most
accurate products for providing precipitation data. On the other hand, the study by [61] evaluating
the performance of eight hydrological models applied to 30 basins in Morocco found that ERA5
performed well, followed by CHIRPS and PERSIANN-CDR. Similarly, the GPM-IMERG product is
widely deployed by researchers in Morocco and in the surrounding study area [41,47,49,62], and its
efficiency is practically confirmed by all these authors.In this study, we evaluated all five products,
and after evaluation, we selected two that appear to be the best in the semi-arid context: ERA5_Ag
and GPM. Statistical metrics alone are not enough to judge a product’s effectiveness. For this reason,
we have applied classification metrics combined with the wavelet method [63–66]. However, bias
correction remains an indispensable criterion prior to direct exploitation of the data. The study by [52]
showed that bias correction plays an important role in improving the quality of precipitation data,
with bias reduction ranging from -1% to -72%. Another study [67] showed that detection models for
seasonal precipitation indices improved after Bias correction, while [68] revealed that the estimation of
hourly precipitation was significantly improved by using machine learning methods for Bias correction.
In Morocco, [41,69] have shown the importance of bias correction and its influence on hydrological
model outputs. However, contrary to some studies which observed a good estimation of CHIRPS
in the study area [45,70], our results suggest that the area of interest plays a role in the choice of
product. The last two studies dealt with the Tensift basin as a totality, whereas in the present study we
investigated a small portion of this basin with well-distributed measuring stations. Thus, the difference
in results can be justified by the spatial resolution of the products, as well as by the ability of the
product itself to capture precipitation variations in a small area. The implications of these results are
important for hydrological studies, in particular the modelling of precipitation recharge in the context
of climate change. Projecting the temporal variation of precipitation in the study area provides a better
understanding of future trends, and by using machine learning tools, the future state of groundwater
recharge can be estimated. However, the study area should be equipped with additional gauging
stations, notably in the western and eastern Haouz, in order to provide better coverage of the plain
and bring greater benefits when using modelling techniques. Future studies should explore [1] the
estimation of recharge based on water balance taking into account climate change, in order to better
understand the future behavior of the groundwater.
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6. Conclusions
The intercomparison of the five rainfall products (CHIRPS, ERA5_Ag, GPM, CFSR and PER-

SIANN_CDR) with the precipitation measurement enabled us to select products that appear to be the
best in performance. The other products may express their performance in another region; this does
not indicate the weakness of the products, but rather the choice of a suitable product for the study area.
This study revealed the stability of the CFSR and PERSIANN_CDR products, although their accuracy
is not always optimal. In contrast, the CHIRPS product showed variability in performance, with
contrasting results. These results are consistent with other research, which highlights the differences in
performance of these products according to spatio-temporal contexts. The performance evaluation of
these products identified ERA5_Ag and GPM as the most suitable for the study area, with recommenda-
tions for their use in hydrological studies, in particular to model groundwater recharge under a climate
change scenario. In addition, the integration of bias correction techniques involving the use of machine
learning must be undertaken in order to improve the quality of precipitation data and optimize its use
in hydrological models. However, to ensure more reliable results, the network of measuring stations
needs to be extended, particularly in the western and eastern Haouz, to cover a larger part of the
Tensift basin. As a result, further studies need to be carried out on water balance formulations taking
climate change into account, in order to better understand the impacts on groundwater recharge in the
future.
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