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Abstract

Precipitation data plays a crucial role in hydrological models, and it is important to have a good
understanding of its spatial and temporal distribution before incorporating it into these models.
Access to sufficient statistics on precipitation events is necessary to address this issue. However,
due to the cost and limited availability of ground-based rain monitoring statistics in various
locations, satellite-derived datasets can be a highly effective alternative. In the current study
conducted in Fars province, four satellite-derived datasets (PERSIANN, PERSIANN-CDR,
PERSIANN-CCS, and TRMM 3B43 V.7) were compared to assess and enhancg, the variogram
curves of average annual precipitation. Ground-based observations from 23 stations,in the area
were utilized to evaluate the datasets. Upon comparing the observational and satellitesderived
datasets, certain discrepancies were observed. For instance, the regression Goefficientof the
employed PERSIANN and TRMM families' satellite-derivedydatasets,, with™ grouad-based
observations were found to be 0.35 and 0.65, respectively. These“datasets were found to be
anisotropic, meaning that their characteristics vary directionally, anththé variogram curves
obtained from them were unbounded. These factors make® their “use ‘challenging in most
hydrological applications. To mitigate these issues, the trend,of 1st'eg@nd order polynomials was
removed from the datasets in order to make them isotropig,and separate the non-random
component. After trend removal, the resulting two datasets prepared based on PERSIANN-CCS
and TRMM 3B43 V.7 exhibited acceptable characteristics and isotropy. The bound indices of the
variograms reached approximately 0.85 and Q.31,\#€spectively. Among various models of
theoretical variogram, the Gaussian model was selecied as the most suitable model to express the
variogram of the satellite-derived precipitation ddatasets: This choice helps in accurately
representing the characteristics of these, datasets for further analysis and application in
hydrological studies. Thereforg, it can Be observed that utilizing the results of this study, it
becomes feasible to construct asprecipitation variogram using certain chosen satellite datasets
and an appropriate model, even in regions g@here ground monitoring stations are absent. This
variogram can then_be obtained and tmplemented in other hydrological models.

Keywords: variogram, Satellite-derived @latasets, Gaussian model, trend removal
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Extended abstract
Introduction

In recent decades, the use of satellite-derived precipitation (SDP) products has increased rapidly
in meteorological and hydrological models due to their wide spatial and temporal coverage and
availability. However, these datasets are not sufficiently accurate for practical applications,
leading to many studies on SDP validation. Fars Province, located in southwestern Iran, has
received considerable attention in this field due to its complex climate. The studies have focused
on the validation of SDP datasets and their application in different hydrological fields. The
results indicate that most of these datasets suffer from spatial inconsistency and Ungertainty,
necessitating their correction for specific purposes. The variogram obtained¥rom the\spatial
distribution of Average Annual Precipitation (AAP) is widely gSed in hydrologieal\models, but
its development often requires ground-based observations, which may not besavailable in many
regions. This situation has underscored the need for complementary datasets. In this study, we
introduce the data used, including ground-based observations and®SDP“datasets, describe the
variogram and its models, and present the research results, including Mariograms obtained from
ground-based observations alongside PERSIANN family and TRM\M §B47 v.7 SDP datasets.

Methodology

The degree of spatial irrelevance for a regionalized fandom variable can be determined using a
variogram model. This model involves a mathematicaly function of distance and direction
between two points where a randomiyariable is rgalized/Once the unprocessed variogram is
obtained from the observed data, a theoreticalwasiogram can be fitted for practical applications
in geostatistical models. In the field of hiydrology, attention has been focused on bounded models
such as exponential, Gaussian, @nd sphegeal variggram models. The variogram is considered
isotropic if parameter values do not‘depend on direction, and spatial dependence or
autocorrelation changes only withsgistance.“Anisotropic variograms, on the other hand, have
varying range and@sill values in different directions, and can be classified as geometric
anisotropy, zonal isotfepy, or\mixed anisotropy. The next step in modeling theoretical
variograms is to_estimate their parameters, which can be done through fitting the best curve to
the experimental vafiogfém coefficients or using cross-validation in kriging methods. Large-
scale satellite-basedyprecipitation data may contain non-stationary trends and directional effects
that violate hydrel@gical modeling assumptions. To achieve reliable results, non-random trends
shouldghe, removed from the original dataset. Directional non-stationarity can be evaluated by
computing directional variograms and fitting them with a power model as an index for intrinsic
non-stationarity in regionalized data.

Results and Discussion

To obtain a suitable variogram model based on satellite-derived datasets, it is necessary to
compare them with ground-based observations. Figure 1 depicts the comparison of AAP in 23
synoptic stations with 4 satellite-derived datasets, and Table 2 displays the respective error
indices. The "mean error” and "relative bias" indices show that the PERSIANN and PERSIANN-
CDR datasets have lower values than the ground-based observations, supporting other studies
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done on such datasets in the region. Figure 2 presents the spatial distribution of the AAP
observed from the 4 satellite and the ground-based. Trends can be detected in most of these
datasets, except for the PERSIAN-CCS dataset, which has a stationary property, while the
PERSIANN and PERSIAN-CDR datasets are stationary after linear trend removal, and the
TRMM 3B43 V. 7 datasets are stationary after quadratic trend removal. Among the 4 satellite-
derived precipitation datasets, PERSIAN-CCS and TRMM 3B43 V. 7 can be considered almost
stationary after removing their trend from the original dataset. Consequently, these two data sets
were selected for the final modeling. Figure 4 depicts the modeling of the theoretical variogram
(as mentioned in equation 2) on the selected variogram models from the previous'section, fitting
with the minimization of the root mean square of errors (as stated in equation 3), and*e@mparing
it with the variograms of the ground-based. Table 4 shows the parameters of @these variggrams.
The RMSE values show that the Gaussian model has thegdowest error fegdmodeling the
theoretical mapping. This entails that in the study area, the rate“ef inCrease in vafiograms is
directly proportional to the distance between the points, and themnthe rate ofdincrease in
variograms decreases.

Conclusion .

Variogram models serve as a primary representation of the spatial distribution of satellite-derived
precipitation. However, due to various factors such_as parasitic disturbances and atmospheric
conditions during recording, practical usage of these,data requires processing. This study
evaluated the AAP variogram model using threetdatasetsyfrom the PERSIANN family and the
TRMM 3B43 V. 7 datasets. By remowing the trend, the PERSIANN-CCS and TRMM 3B43 V. 7
datasets met the necessary conditions Tok, deweleping the mapping model, and the appropriate
theoretical mapping model was obtainethusing the\Gaussian model.

Keywords .

Variogram, satellite-derived precipitation dataset, Gaussian model, trend removal
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