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Abstract: In regions with limited precipitation information like Peru, many studies rely on precipitation data 
derived from satellite products (SPPs) and reanalysis products. These products provide near-real-time 
information and offer global spatial coverage, making them attractive for various applications. However, it is 
essential to consider their uncertainties when conducting hydrological simulations, especially in a key region 
like the Pacific drainage (Pd), where 56% of Peruvian population resides (including the capital Lima). This 
study evaluates the performance of three precipitation products: Reanalysis, ERA5-Land (top down approach), 
and two SPPs: GPM+SM2RAIN and SM2RAIN-ASCAT (bottom-up approaches). Hydrological modeling was 
conducted on 30 basins distributed across the Pd, which were grouped into five regions (I-V, ordered from 
south to north). The results showed that SM2RAIN-ASCAT performed well in regions I-III-IV, ERA5-Land in 
region II, and GPM+SM2RAIN in region V. The hydrological model GR4J was tested, and better efficiency 
criteria were obtained with SM2RAIN-ASCAT and GPM+SM2RAIN when comparing simulated versus 
observed streamflows. The hydrological modeling with SM2RAIN-ASCAT and GPM+SM2RAIN 
demonstrated satisfactory efficiency metrics (KGE > 0.75; NSE > 0.65). Additionally, ten hydrological signatures 
were quantified to assess the variability of simulated streamflows in each basin, with metrics such as Mean 
Flow (Q mean), 5th Quantile Flow (Q5), and 95th Quantile Flow (Q95) showing overall better performance. 
Finally, the results of this study demonstrate the reliability of using bottom-up satellite products in Pd basins. 

Keywords: precipitation satellite products; bottom up; hydrological model; daily discharge; GR4J; Peruvian 
pacific drainage 

 

1. Introduction 

Precipitation is considered as the most important variable in geosciences [1] due to its nature of 
main input in the hydrological cycle, and its application in the design of hydraulic structures, natural 
disaster management, weather forecasting, agricultural planning, among other fields [2,3]. However, 
spatio-temporal monitoring of precipitation with an extensive network of ground measurement 
stations across a territory is crucial [4] and is scarce in developing countries such as Peru. In recent 
years, various alternatives have been presented to overcome the scarcity of precipitation data, 
including meteorological models, radars, etc [5]. Therefore, the estimation of satellite-based 
precipitation products (SPPs) has emerged as a comprehensive and viable source of information, 
offering a global coverage and mostly being freely accessible [6,7]. Some of the most widely used 
satellite products worldwide are the Tropical Rainfall Measuring Mission (TRMM), Climate Hazards 
Group InfraRed Precipitation with Station data (CHIRPS), Global Precipitation Measurement 
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Mission (GPM), among others [5,8]. These satellite products provide global coverage, spatial 
resolution in the range of 5-25 km, and temporal resolution ranging from hourly to daily and 
monthly, with some datasets extending from 1950 to the present.  

These SPPs typically estimate precipitation based on cloud properties (top down approach). 
However, recent developments propose a novel approach that involves estimating precipitation from 
soil moisture, known as the bottom-up approach [9] Bottom-up products, such as SM2RAIN-ASCAT 
and GPM+SM2RAIN, stand out due to their high spatiotemporal resolution, accurately capturing 
local patterns and leveraging soil moisture to estimate precipitation in data-scarce areas [10,11]. 
Furthermore, they provide global and open access, benefiting hydrological applications and water 
resources management [11]. However, they exhibit uncertainty in the soil-precipitation relationship, 
dependence on hydrological models and sensitivity to soil conditions. In contrast, top down 
products, such as TRMM or reanalysis datasets like ERA5-Land, rely on observations from various 
sources to estimate precipitation and are integrated into complete climate systems, providing a global 
perspective. Although they adjust models and validate observations, they face challenges in areas 
with limited access, high uncertainty in sparsely observed regions, and potential errors due to 
simplifications in atmospheric physics [9]. Additionally, it is noted that reanalysis products like 
ERA5-Land have the capability to assimilate information from new stations and data, resulting in a 
significant increase in the amount of collected and generated information [2,12]. While this can bring 
benefits as more up-to-date records could be obtained, it may also introduce uncertainty due to the 
reliability and control of required data. Thus, the quality and quantity of available data vary over 
time and in different regions, which can affect the accuracy of precipitation estimates and, 
consequently, hydrological outcomes based on these products.  

Furthermore, it is described that the main difference between the two approaches lies in the 
object of measurement. While the top down approach estimates instantaneous precipitation rates, the 
bottom-up approach estimates accumulated precipitation rates. Among the bottom-up SPPs, 
SM2RAIN-ASCAT and GPM+SM2RAIN are presented as some of the most recent products based on 
soil moisture, both available at a daily resolution with global coverage, with multiple versions, and 
data availability since 2007 [6,7]. 

SPPs are applied in basins worldwide due to their global coverage and complete precipitation 
records for a relatively long period. However, these benefits do not eliminate the uncertainties 
associated with their composition [13], which also is presented in applications such as hydrological 
modeling. While SPPs, when possible, are compared and adjusted with ground-based stations, they 
should also be evaluated for their ability to generate streamflows [14]. Hence, the major challenges 
lie in the conditions under which SPPs are obtained and/or generated, as well as in the effective 
integration of these two approaches in applications, since top down products are based on climate 
models and global observations, while bottom-up products rely on hydrological models and soil 
moisture data [10,15,16]. The heterogeneity of the data and differences in spatial and temporal scales 
between the approaches pose challenges in synchronizing and calibrating hydrological models. 
Another challenge in using SPPs for streamflow generation is the validation of hydrological models, 
as different performance statistics are employed, such as the Nash-Sutcliffe Efficiency (NSE), Kling-
Gupta Efficiency (KGE), among others [2,4]. These criteria allow for evaluating the degree of 
agreement between streamflows simulated by a hydrological model. Some studies have found that 
bottom-up products, such as SM2RAIN-ASCAT and GPM+SM2RAIN, exhibit relatively high KGE 
values compared to other precipitation products, indicating good performance in replicating 
observed streamflows. 

In Peru, SPPs have been employed in some applications due to the country's limited network of 
hydrometeorological stations, which makes the study of ungauged basins challenging [1,11,17,18]. 
This study is focused on Pacific drainage (Pd) due to its high population density, presence of major 
irrigation projects, reservoirs, and diverse climatic and hydrological characteristics. Due to being a 
region of interest, authors have carried out studies on the Pd runoff [19], and drought events have 
also been evaluated in the Pd [20]. Based on the literature review, it is inferred that this study is the 
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first to evaluate and validate the performance of bottom-up approach SPPs in generating daily 
streamflows, as well as utilizing hydrological signatures in Pd basins.  

2. Materials 

2.1. Study Area 

Peru covers an area of 1,285,216 km2 and is divided into three major hydrographic regions: 
Pacific, Amazonian and Titicaca, where Pacific drainage (Pd) covers 278,482 km² representing 21.7%. 
Pd accommodates nearly 56% of the country's total population,  including the capital Lima with 
more than 10 M of people), exhibiting high spatial demographic variability across the steep slopes 
and a high risk to water stress and flood prone areas [21]. This study evaluated the capability of 30 
basins distributed in the Pd, which were grouped into five regions as determined by the Peruvian 
Administrative Water Authorities (AAA) [22] (Figure 1a). Basin sizes vary in a range from 400 to 
17,000 km2. They are delimited with respect to a hydrometric station. Regions I, II, III, IV, and V, 
defined by AAA, encompassed 5, 2, 12, 5, and 7 basins, respectively (Table 1). Figure 1a also shows 
the extent and spatial location of the 30 analyzed basins. In this way, basins in southern and central 
regions (I to III ) at an altitude higher than 3,500 a masl, while basins in northern regions (IV-V) 
culminate at an altitude ranging from 2,500 to 3,500 a masl. 

The study area, due to its territorial extension, presents 33 of the 38 climatic zones identified in 
the Climate Classification Map of Peru developed by SENAMHI [23] with the remaining 5 climates 
found in the Amazonian and Titicaca. 

Predominantly, throughout the entire Pacific drainage, there is an arid and temperate climate 
(Figure 1b). Thus, in regions I, II, III, and IV, a climate typified with code E (d) B (yellow) 
predominates, described as "Arid with moisture deficiency in all seasons of the year-Temperate". In 
region V, a climate typified with code E (d) A (pink) prevails, described as "Arid with moisture 
deficiency in all seasons of the year-Warm". Additionally, on the Pacific drainage, the predominant 
vegetation cover and land use are coastal and Andean agriculture and lithic leptosol-lithic outcrop 
soils, respectively. 

On the other hand, Figure 1c displays the annual cumulative precipitation distributed along the 
Pacific drainage. It is noteworthy that the highest precipitation values are mainly found in the upper 
parts of the basins. Also, in the lower parts of the basins near the Pacific Ocean, the lowest cumulative 
precipitations are recorded (<100 mm/year).
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Figure 1. (a) Map of location and elevation of the 30 basins along the Pacific drainage (Pd). Discretization of the Pd into 5 studied regions (Region I: Caplina-Ocoña; Region II: Chaparra-
Chincha; Region III: Cañete-Fortaleza; Region IV: Huarmey-Chicama; Region V: Jequetepeque-Zarumilla; (b) Climate classification map developed by SENAMHI along the Pacific 
drainage and (c) Multiannual accumulated precipitation map in the Pacific drainage elaborated from SENAMHI's PISCO data. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 October 2023                   doi:10.20944/preprints202310.0214.v1

https://doi.org/10.20944/preprints202310.0214.v1


 5 

 

2.2. Datasets 

2.2.1. Surface observations 

Thirty hydrometric stations in the Pd were used (Table 1)  and were selected upon the criteria 
of having a common period of streamflow records over 2007 - 2018 (12 years). This period was then 
divided into calibration and validation stages. 

Table 1. Distribution of the 30 basins in the Pacific drainage (Pd). 

Region (AAA) ID Hydrometric Station Basin Area (km2) 

Region I: 

Caplina-Ocoña * 

1 La Tranca Sama 1,937 

2 Tumilaca Ilo-Moquegua 462 

3 La Pascana Tambo 13,020 

4 Huatipa Camaná 16,937 

5 Ocoña Ocoña 16,029 

Region II:  

Chaparra-Chincha 

6 Yauca Yauca 4,113 

7 Letrayoc Pisco 3,079 

Region III:  

Cañete-Fortaleza 

8 Socsi Cañete 5,786 

9 La Capilla Mala 2,145 

10 Antapucro Lurín 996 

11 Tamboraque Rímac 576 

12 Chosica Rímac 2,305 

13 Puente Magdalena Chillón 1,246 

14 Obrajillo Chillón 365 

15 Santo Domingo Chancay-Huaral 1,835 

16 Las Minas Supe 766 

17 Cahua Pativilca 2,949 

18 Malvados Chicama 1,378 

Region IV:  

Huarmey-

Chicama 

19 Condorcerro Santa 3,176 

20 Huamansaña Huamansaña 718 

21 Huacapongo Virú 908 

22 Quirihuac Moche 1,762 

23 El Tambo Tambo 2,183 

Region V:  

Jequetepeque-

Zarumilla 

24 Yonán Jequetepeque 3,298 

25 Batan Zaña 797 

26 Raca Rumi Chancay-Lambayeque 2,362 

27 Puente Ñacara Piura 4,495 

28 Puente Internacional Macara Chira 1,851 

29 Ciruelo Chira 6,979 

30 El Tigre Tumbes 4,663 

2.2.2. Gridded precipitation products 

The present research used three gridded precipitation products to evaluate their performance 
through streamflows simulations in the Pd. All of them were evaluated across the period from 2007 
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to 2018, using the GR4J hydrological model. The first evaluated product is ERA5-Land reanalysis (top 
down approach) from the European Centre for Medium-Range Weather Forecasts (ECMWF, 
Copernicus Climate Change service), as described by [24]. The other two SPPs are derived from the 
bottom-up approach, namely SM2RAIN-ASCAT [7] and GPM+SM2RAIN [9]. 

ERA5-Land reanalysis provides hourly precipitation data accumulated at the daily time step. 
This product stands out for its global coverage in gridded format with a spatial resolution of 9 km. It 
is available from January 1950 to the present and can be accessed for free through its official webpage: 
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=overview. 

The second precipitation product used is the SPPs SM2RAIN-ASCAT, which provides daily 
precipitation data. This product follows a bottom-up methodology and has collected precipitation 
records since 2007. SM2RAIN-ASCAT has a spatial resolution of 12.5 km and is available in netCDF 
and raster formats. The development of this product is based on the inversion of the soil water 
balance equation, allowing the estimation of the amount of water entering the soil. SM2RAIN-ASCAT 
has been developed by [7], and different versions of the product can be found at the following link: 
https://zenodo.org/record/3635932#.YbfGn5FByUk. 

The third product used is the SPPs GPM+SM2RAIN. This product offers quasi-global 
precipitation data with a spatial resolution of 25 km. Similar to the previous product, 
GPM+SM2RAIN follows the bottom-up methodology and combines information from GPM's 
IMERG-LR product with precipitation estimates based on SM2RAIN derived from ASCAT H113 H-
SAF, SMOS L3, and SMAP L3 soil moisture products [4,9]. This product is available from 2007 and 
can be downloaded for free in netCDF format from its official webpage: 
https://zenodo.org/record/3854817#.YbfHfJFByUk. 

In addition to the use of these three precipitation products, the PISCO precipitation product [25], 
developed by SENAMHI, was also employed to generate daily streamflows in the 30 basins and use 
these streamflows as observed values when quantifying the Skill Score (SS). Moreover, SENAMHI's 
evapotranspiration product [26] was used to complement the input variables for the GR4J model. 

3. Methods 

The development of this research was divided into three main stages: (1) Hydrological modeling 
with GR4J, (2) Performance evaluation of the 3 precipitation products using efficiency metrics, and 
(3) Evaluation of the streamflow time series using Skill Score and hydrological signatures (Figure 2). 
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Figure 2. Methodological diagram for the evaluation of precipitation products for streamflow 
generation in the Pd. 

3.1. Hydrological modeling 

The model required precipitation, evapotranspiration and streamflow data from the 
hydrometric stations as input for calibration and validation procedures. The AirGR package, coded 
in the R programming language, was used for model execution and is freely available for use 
(https://github.com/cran/airGR). 

The rainfall-runoff model used in this study is the Génie Rural à 4 paramètres Journalier (GR4J) 
[27]. This conceptual model is a deterministic and lumped model with four parameters at daily time 
step. To operate, the model requires daily precipitation and evapotranspiration data, as well as a 
series of observed streamflow data for the calibration and validation process. 

The GR4J model is composed of two reservoirs. The first reservoir, referred to as "S," relates 
evapotranspiration and precipitation to determine the precipitation volume. The second reservoir, 
referred as "R," represents the infiltration processes within the basin. The GR4J model is widely used 
in hydrological studies due to its ability to simulate streamflow behavior in basins. Its structure and 
parameters allow for an adequate representation of key hydrological processes, making it a valuable 
tool for hydrological modeling and water resource management [28,29]. 

The model consists of four parameters (Table 2), which are adjusted during the calibration 
process for each case study. Additionally, two initial values, R and S, are required to initiate the 
simulation. The necessary initial values are described in Table 2, while Table 3 specifies the model 
parameters and recommends initial values. 

Table 2. Initial values in the GR4J hydrological model [27]. 

Parameter Unit Description 

R m Initial water level in the first reservoir 

S m High of the second reservoir 

The GR4J model has been successfully applied in various basins, in countries all around the 
world including Peru [30,31] and it has been widely accepted due to its parsimony in hydrology. In 
this study, the GR4J model was used to generate daily streamflows in 30 basins located in the Pd. The 
precipitation and evapotranspiration data described in the section were used as input data for the 
model. 

Table 3. Parameters of the GR4J hydrological model [27]. 

Parameter Unit Description Initial value 

X1 m First reservoir capacity 5.9 

X2 m Water interchange coefficient 0.0 

X3 m Second reservoir capacity 4.5 

X4 dt Base time of the unit hydrograph 0.2 

3.2. Performance evaluation of the 3 precipitation products 

As expected, a calibration and validation process were necessary to evaluate the model outputs 
and, consequently, assess the performance of the 3 precipitation products. The metrics used are 
detailed in Table 4, and the calibration and validation process were performed using the hydroPSO 
package [32], which is described on its official page (https://github.com/hzambran/hydroPSO). 
hydroPSO has been suitable for countless hydrological models, giving satisfactory analysis [33–37]. 
In the application of a hydrological model, it is essential to assess the agreement between simulated 
and observed streamflows. In this study, this evaluation was carried out using five efficiency metrics 
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for the calibration, validation and overall periods. The efficiency metrics used are the Nash-Sutcliffe 
Efficiency (NSE), Kling-Gupta Efficiency (KGE), Root Mean Square Error (RMSE), Relative Bias 
(BIAS), and the Pearson Correlation coefficient (r). These indicators are widely used in the scientific 
literature and have been applied in numerous research studies [30,38,39]. Specific details about the 
efficiency metrics can be found in Table 4. Additionally, authors such as [40] have successfully 
employed these statistical indicators. 

Table 4. Statistical efficiency indicators [41]. 

Statistics Equation Ideal value 

Nash Sutcliffe 

Efficiency 
𝑁𝑆𝐸 = 1− ∑ (𝑄𝑠𝑖𝑚𝑖 − 𝑄𝑟𝑒𝑓𝑖)2𝑛𝑖=1∑ (𝑄𝑟𝑒𝑓𝑖 − 𝑄𝑟𝑒𝑓)2𝑛𝑖=1  1 

Kling Gupta 

Efficiency 
𝐾𝐺𝐸 = 1 −√(𝑄𝑠𝑖𝑚𝑄𝑜𝑏𝑠)2 + ( 1𝐵𝑖𝑎𝑠)2 + (𝑟 − 1)2 1 

Root Mean Square 

Error 
𝑅𝑀𝑆𝐸 = √∑ (𝑃𝑜𝑏𝑠𝑖 − 𝑃𝑠𝑖𝑚𝑖)2𝑛𝑖=1 𝑛  0 

Relative Bias 𝐵𝐼𝐴𝑆 = 1𝑛∑(𝑃𝑠𝑖𝑚𝑖 − 𝑃𝑜𝑏𝑠𝑖𝑃𝑜𝑏𝑠𝑖 )𝑛
𝑖=1  0 

Pearson Correlation 

coefficient 

𝑟= 𝑛(∑ 𝑃𝑠𝑖𝑚𝑖𝑃𝑜𝑏𝑠𝑖𝑛𝑖=1 ) − (∑ 𝑃𝑠𝑖𝑚𝑖𝑛𝑖=1 )(∑ 𝑃𝑜𝑏𝑠𝑖𝑛𝑖=1 )√[𝑛 ∑ 𝑃𝑠𝑖𝑚𝑖2 − (∑ 𝑃𝑠𝑖𝑚𝑖𝑛𝑖=1 )2𝑛𝑖=1 ][𝑛 ∑ 𝑃𝑜𝑏𝑠𝑖2 − (∑ 𝑃𝑜𝑏𝑠𝑖𝑛𝑖=1 )2𝑛𝑖=1 ] 1 

In addition, efficiency intervals were used to classify the results obtained when comparing the 
simulated and observed streamflow time series. These intervals provide a classification of the model 
performance based on the level of agreement between the simulated and observed values. They allow 
for a qualitative assessment of the model's ability to reproduce the observed streamflow patterns [42] 
(Table 5). 

Table 5. Referential values for efficiency metrics [42]. 

Performance Rating NSE BIAS 

Very Good 0.75 - 1.00 ≤ ±10 

Good 0.65 - 0.75 ±10 - ±15 

Satisfactory 0.50 - 0.65 ±15 - ±25 

Unsatisfactory < 0.50 ≥ ±25 

3.3. Evaluation of the series using Skill Score and hydrological signatures. 

The use of the Skill Score allowed us to compare daily simulated streamflows from precipitation 
products using a reference streamflow. It determined the best product for each basin, and 
consequently, to select the best product for each region [14]. Additionally, to find the 10 hydrological 
signatures described in Table 6, a code developed in MATLAB called the Toolbox for Streamflow 
Signatures in Hydrology (TOSSH) [43] (https://github.com/TOSSHtoolbox/TOSSH) was used. 
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3.3.1. Skill Score 

The Skill Score (SS) efficiency metric was implemented to evaluate the goodness-of-fit of each 
precipitation product (Eq. 1). This approach was adopted to account for the inherent variability of 
the basin under adverse streamflow generation conditions [14]. Therefore, simulated streamflows 
from precipitation products were compared with the streamflow simulated using PISCO 
precipitation product. The reference for the use of the Skill Score can be found in the work of [44]. 𝑆𝑆 = 1 − ∑ (𝑄𝑠𝑖𝑚𝑆 − 𝑢𝑜𝑏𝑠)2𝑛𝑖=1∑ (𝑄𝑠𝑖𝑚𝐺 − 𝑢𝑜𝑏𝑠)2𝑛𝑖=1  (1) 

3.3.2. Hydrological Signatures 

The estimation of hydrological characteristics, known as streamflow signatures or hydrological 
signatures, aims to obtain a comprehensive understanding of basin behavior and evaluate the long-
term reliability of precipitation products. These hydrological signatures quantify aspects related to 
the magnitude, frequency, duration, timing, and rate of change of hydrological events. In this study, 
the Toolbox for Streamflow Signatures in Hydrology (TOSSH) developed by [43] was used to 
calculate the hydrological signatures. This approach allowed the variability characterization of the 
30-streamflow time series and the analysis of specific hydrological phenomena such as high or low 
flows. The calculation and analysis of these 10 hydrological signatures (Table 6) provided key 
information about the basins behavior, enabling a better understanding of its hydrological response. 

Table 6. Hydrological signatures considered in this study [14]. 

Attribute Long name Unit 

Mean Q Mean daily streamflow  mm.day-1 

Q5 Streamflow 5th quantile  mm.day-1 

Q95 Streamflow 95th quantile  mm.day-1 

Q7-day min 7-day minimum streamflow  - 

High Q frequency  Max streamflow frequency  y-1 

High Q duration Max streamflow duration Min streamflow frequency  days 

Low Q frequency Min streamflow duration  y-1 

Low Q duration Mean daily streamflow  days 

BFI Baseflow index - 

FDC slope The slope of the flow duration curve - 

4. Results 

The evaluation of the three Satellite Precipitation Products (SPPs) revealed a range of outcomes 
across the entire extent of the Pacific drainage (Pd). These results underwent analysis using efficiency 
metrics such as the Kling-Gupta Efficiency Coefficient (KGE), the Nash-Sutcliffe Coefficient (NSE), 
correlation coefficient (r), and bias (BIAS). Additionally, it was observed that these results also 
exhibited variations depending on the analysis region and possibly influenced by factors like basin 
size, climate or morphological characteristics. 

4.1. Performance of satellite products in the evaluation stages 

The comparative analysis among the calibration, validation, and total periods reveals that, in 
general, all three products demonstrate reliability at various stages of the analysis (Figure 3). During 
the calibration period, the most closely fitting efficiency metrics were achieved, and as expected, these 
values decreased during the validation and the overall period. 
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The assessment of the three analysis periods was conducted comparing the NSE, KGE, BIAS, 
and RMSE metrics between the extreme and average values of the three Satellite Precipitation 
Products (SPPs) and visualized through boxplots. 

When considering the NSE efficiency metric for the ERA5-Land product and evaluating the 
average values, satisfactory results were observed during the calibration period (> 0.65), acceptable 
results in the overall period (> 0.50), and unsatisfactory results during the validation period (< 0.50). 
The GPM+SM2RAIN presents the same results as those obtained with ERA5-Land. 

On the other hand, the SM2RAIN-ASCAT product exhibited outstanding performance across all 
three periods, achieving good results during the calibration period (> 0.65), satisfactory results in the 
overall period (> 0.50), and satisfactory results during the validation period (> 0.50). Considering the 
KGE efficiency for the ERA5-Land product and evaluating the average values, very good results were 
obtained during the calibration period (> 0.75), good results in the overall period (> 0.65), and 
satisfactory results during the validation period (> 0.50). The GPM+SM2RAIN presents the same 
results as those obtained with ERA5-Land. 

In contrast, the SM2RAIN-ASCAT product demonstrated outstanding performance in all three 
periods, achieving very good results during the calibration period (> 0.75), satisfactory results in the 
overall period (> 0.50), and again satisfactory results during the validation period (> 0.50). 

Regarding the BIAS efficiency metric in the three evaluated products, it was determined that the 
GPM+SM2RAIN product had the mean closest to 0 in the calibration, validation, and total periods. 
However, it also exhibited greater variation in underestimation and overestimation. In the RMSE 
metric, the mean values of the products approach 0.5, and the SM2RAIN-ASCAT product shows a 
more stable root mean square error across all three analysis phases. 

Based on the evaluation conducted in the 30 basins, it can be concluded that the evaluated 
products showed promising results. All three products mostly yielded results in the range of > 0.50 
for the calibration stage in the NSE and KGE metrics. Most of the RMSE and BIAS results were close 
to 0, indicating good performance. Additionally, the r metric showed the highest number of basins 
in the range of 0.65. 

 

Figure 3. Boxplot comparing efficiency metrics (NSE, KGE, BIAS and RMSE) between the calibration, 
validation, and total period phases of the hydrological modeling. 
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4.2. Evaluation of the performance of precipitation products in the Pd 

The performance considering the spatial variability of the 3 Satellite Precipitation Products 
(SPPs) in the estimation of daily mean streamflows during the calibration period is presented in 
Figures 5 and 6. These figures provide detailed local performance in different regions within the 
study area. 

In Figure 4a, the distribution of BIAS is presented. According to Moriasi [42], this metric is 
considered highly satisfactory within the range of -0.10 to +10, while it is deemed unsatisfactory if the 
variation falls below -0.25 or above +0.25. In this representation, red color shades indicate significant 
underestimations, blue shades indicate marked overestimations, and white values highlight optimal 
results. For ERA5-Land, the most favorable results are observed in region V, while region I shows 
less satisfactory performance. On the other hand, the GPM+SM2RAIN product exhibits outstanding 
performance along the Pacific drainage, with all basins in region III yielding results within the range 
of -0.10 to +0.10. 

Figure 4b provides an analysis of the Pearson correlation coefficient results for the study area. 
In this representation, red shades indicate unsatisfactory results, while blue shades reflect a high 
degree of agreement. For ERA5-Land, the results show satisfactory levels (r > 0.5) in all 30 basins, 
with exceptional performance in regions II, III, and IV. However, the lowest metric is observed only 
in region I. In contrast, the GPM+SM2RAIN product stands out for its performance in regions I, IV, 
and V, although it presents unsatisfactory results in region II and the northern part of region III. 

For SM2RAIN-ASCAT, very encouraging results were obtained with Pearson correlation 
coefficients exceeding 0.75 in regions I, III, IV, and V. However, region II was the only one 
predominantly exhibiting an unsatisfactory correlation coefficient, with values below 0.5. These 
findings complete the comprehensive evaluation of the performance of the analyzed products in the 
hydrological study. 

 

(a) (b) 

Figure 4. Distribution of the efficiency metrics of the 30 basins in the calibration phase. (a) BIAS; (b) 
r. 

Figure 5 presents the results derived from the NSE and KGE metrics, using a color scale to 
indicate different levels of performance. The blue shade represents outstanding performance (>0.75), 
cyan denotes good performance (>0.65), yellow reflects satisfactory performance (>0.50), and red 
indicates unsatisfactory performance (<0.50). 
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In Figure 5a, the point distribution of NSE results in the study area is displayed. In this context, 
ERA5-Land shows the most encouraging results in region IV, while region I has the highest 
concentration of basins with unsatisfactory performance. On the other hand, the GPM+SM2RAIN 
product stands out in regions I and V, predominantly showing satisfactory results, in contrast to 
region II and the northern part of region III, where more basins exhibit unsatisfactory performance. 
Regarding SM2RAIN-ASCAT, it demonstrates very positive performance in regions I, III, and IV, 
while region II predominantly registers unsatisfactory results. 

Similarly, Figure 5b presents the results of the KGE metric, which uses the same color scale as 
NSE but with higher scores. ERA5-Land exhibits outstanding results in 29 of the 30 evaluated basins, 
particularly in regions III and IV, with lower scores observed only in region I. GPM+SM2RAIN excels 
in regions IV and V but shows unsatisfactory results in the northern part of region III and region II. 
As for SM2RAIN-ASCAT, it stands out with very favorable results, especially in regions III, IV, and 
V, while region II exhibits unsatisfactory results (KGE < 0.50). 

 

(a) (b) 

Figure 5. Distribution of the efficiency metrics of the 30 basins in the calibration phase. (a) NSE; 
(b)KGE. 

The precipitation product results exhibited variations in different regions of application, where 
the bottom-up approach demonstrated efficiency throughout the study area, often surpassing the 
performance of ERA5-Land. Figure 6 presents the results for 5 selected hydrographic basins for each 
region, highlighting that the best results were obtained in the northern (IV, V) and southern (I) 
regions, while the central region (III) exhibited greater variability in the results. Additionally, region 
II yielded fewer promising results for the SM2RAIN-ASCAT and GPM+SM2RAIN products, with 
only the ERA5-Land product providing efficient metrics. 

Furthermore, in Figure 6, the calibration and validation periods are displayed, revealing a 
decrease in efficiency during the validation period. Streamflows generated from the Satellite 
Precipitation Products (SPPs) generally matched the observed records. However, in specific cases, 
such as in regions II and III, ASCAT-SM2RAIN and GPM+SM2RAIN struggled to match during low 
flow periods. It is also observed that in some basins, flow records had gaps, as shown in Figure 6b, 
where the absence of flow data is evident for the years 2011-2013. 

Figure 6 also illustrates the monthly hydrological regime of observed flow and the time series of 
simulated flow derived from the precipitation products. This analysis of the hydrological regime 
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demonstrates the similarity between simulated and observed flows during high flow and low flow 
periods. For example, this similarity is particularly noticeable in regions II, III, and V. In contrast, in 
region IV, there is a clear overestimation during low flow months by ASCAT-SM2RAIN and 
GPM+SM2RAIN. Additionally, Figure 6 also shows the variation in flow according to the chosen 
region, and this variation is influenced by spatial location (increased flow from south to north). 
However, these differences in flows are also due to the extent of the studied basin. 
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Figure 6. Simulated daily streamflow during the calibration and validation stages by GR4J using the 
precipitation products SM2RAIN-ASCAT (purple line), ERA5-Land (blue line), and GPM+SM2RAIN 
(green line). The black dots represent the observed discharge. a) Region V: El Tigre; b) Region IV: 
Quirihuac; c) Region III: Obrajillo; d) Region II: Letrayoc; e) Region I: Ocoña. 

4.3. Spatial performance evaluation by areas of the precipitation products 

From the previous analysis, it is evident that the basins demonstrate a robust hydrological 
response over the study period (with Pd efficiency metrics ranging from 0.5 to 0.75). However, it is 
also clear that the evaluated basins vary in terms of size in square kilometers (km²), which could 
influence the flow response. Figure 7 displays histograms organized according to the results of the 
Kling-Gupta Efficiency Coefficient (KGE) and segmented into ranges based on the Moriasi 
classification (Unsatisfactory < 0.5; Satisfactory 0.50-0.65; Good 0.65-0.75; and Very Good 0.75-1.00). 
In addition to the range segmentation, the 30 basins were distributed into 4 categories: basins less 
than 1,000 km², 1,000 to 2,500 km², 2,500 to 5,000 km², and over 5,000 km². 

In basins smaller than 1,000 km² (8 basins), ERA5-Land achieved a KGE greater than 0.5 
(Satisfactory) in all 8 basins, primarily excelling with 5 basins rated as Satisfactory and the remaining 
3 with Good and Very Good ratings. In contrast, GPM+SM2RAIN achieved a KGE greater than 0.5 in 
4 out of the 8 basins, resulting in 1 basin with a Satisfactory rating and 3 with Good ratings. For 
SM2RAIN-ASCAT, a KGE greater than 0.5 was recorded in 7 out of the 8 basins, resulting in 4 
Satisfactory and 3 Very Good ratings. Subsequently, for basins with areas between 1,000 and 2,500 
km² (10 basins), ERA5-Land achieved a KGE greater than 0.5 in 9 out of the 10 basins, with 7 basins 
demonstrating Very Good performance. GPM+SM2RAIN, on the other hand, achieved a KGE greater 
than 0.5 in 8 out of the 10 basins, with Satisfactory (4), Good (1), and Very Good (3) results. Similarly, 
SM2RAIN-ASCAT surpassed the threshold of 0.5 in all 10 basins, standing out with 8 basins in the 
Very Good category (>0.75). 

In relation to basins with areas between 2,500 and 5,000 km² (7 basins), ERA5-Land obtained a 
KGE greater than 0.5 in all 7 basins, with remarkable performance in 4 basins in the Very Good 
category. GPM+SM2RAIN exceeded the value of 0.5 in 4 out of the 7 basins, resulting in Satisfactory 
(1), Good (1), and Very Good (2) ratings. SM2RAIN-ASCAT achieved results above Satisfactory in 5 
out of the 7 basins, with ratings of Good (2) and Very Good (3). Finally, for basins larger than 5,000 
km² (5 basins), all three SPPs presented results above Satisfactory. Among them, GPM+SM2RAIN 
demonstrated the highest number of Very Good results (5 basins), followed by SM2RAIN-ASCAT 
with Good (3) and Very Good (2) ratings, while ERA5-Land had 2 Satisfactory basins, 1 Good basin, 
and 2 Very Good basins. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 October 2023                   doi:10.20944/preprints202310.0214.v1

https://doi.org/10.20944/preprints202310.0214.v1


 15 

 

 

Figure 7. Performance scores for the KGE metric (X-axis) during the calibration stage. The histograms 
represent the performance of the precipitation products in relation to the size of the analyzed basins 
(Y-axis). 

4.4. Improved performance 

The quantification of the efficiency metrics NSE, KGE, RMSE, r, and BIAS showed a satisfactory 
performance of the precipitation products in generating simulated daily streamflows. However, this 
study aims to determine the best product for each hydrographic basin and the defined region by the 
AAA. Therefore, the Skill Score (SS) index was used, which involved comparing the simulated flows 
from the 3 products with a reference streamflow. Although 30 hydrometric stations were used for the 
calibration and validation stage, these records had missing data for multiple years. Thus, they could 
not be used to quantify the Skill Score, as this metric requires a complete time series. In this context, 
the streamflows generated by PISCO in each of the basins were used as the reference flow of 
comparison. The results are shown in Figure 8. Among the 30 analyzed basins, ERA5-Land, 
GPM+SM2RAIN, and SM2RAIN-ASCAT were predominant in 5, 12, and 13 basins, respectively. 
Additionally, in the northern zone of region 5, there is a predominance of the GPM+SM2RAIN 
product. In region 4, the SM2RAIN-ASCAT and GPM+SM2RAIN products showed predominance in 
2 basins each one. In region 3, SM2RAIN-ASCAT predominated in the northern part, while 
GPM+SM2RAIN predominated in the southern part. In region 2, ERA5-Land predominated, and 
finally, in region 1, GPM+SM2RAIN predominated. 
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Figure 8. Results of the Skill Score (SS) for the SM2RAIN-ASCAT, ERA5-Land, and GPM+SM2RAIN 
SPPs compared to the simulated flows by PISCO, indicating the best product in each analyzed basin. 

4.5. Reliability of remote sensing products on hydrologic signatures  

The variability of the simulated streamflows was quantified using hydrological signatures, 
where it is worth noting that the signatures with the best performance were Mean Q, Q95, Q5, and 
Q7, respectively, as they consistently obtained values above 0.80 on average. On the other hand, the 
BFI and DL signatures had average values below 0.5. Figure 9 provides a quantitative (left) and 
qualitative (right) analysis to identify the performance of each product with respect to the 
hydrological signature. It is also important to note that the performance of the precipitation product 
and the hydrological model is not uniform across all basins, which could be attributed to the 
characteristics of the precipitation products or the functioning scheme of the hydrological model. In 
region I, the product that showed the best response was GPM+SM2RAIN, with Mean Q being the 
best-represented signature and Low Frequency being the worst-represented. In region II, 
GPM+SM2RAIN showed the best response, with Minimum 7-day Flow as the best-represented 
signature and High Duration as the worst-represented. In region III, the product that showed the best 
response was GPM+SM2RAIN, with Low Frequency being the best-represented signature and High 
Duration being the worst-represented. In region IV, SM2RAIN-ASCAT showed the best response, 
with Minimum 7-day Flow as the best-represented signature and Base Flow Index as the worst-
represented. In region V, SM2RAIN-ASCAT showed the best response. Q95 was the best-represented 
signature and Long Duration was the worst-represented. Thus, the evaluation of the precipitation 
products performance using hydrological signatures allowed for the identification of best 
representations of maximum, minimum, and base flow streamflows, highlighting that these products 
better represent average streamflows. 
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Figure 9. Hydrological signatures of the simulated streamflows by GR4J (ERA5-Land, 
GPM+SM2RAIN, and SM2RAIN-ASCAT, read from left to right). The left panel represents the 
capability of the precipitation product to represent each hydrological signature in terms of the 
correlation coefficient. The right panel represents the capability to represent the hydrological 
signature in each region, where dark blue indicates the best performance. 
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5. Discussions 

5.1. Intrinsic quality of satellite precipitation products 

The evaluation conducted on gridded products using a bottom-up approach allowed us to 
comprehend and interpret the performance of each product along the Pacific drainage and establish 
connections between the results and the climatic and physiographic characteristics of the basins. The 
performance against observed records was validated using efficiency metrics such as NSE, KGE, 
RMSE, BIAS, and r. 

Products like SM2RAIN-ASCAT and GPM+SM2RAIN have demonstrated satisfactory outcomes 
in their application in basins worldwide [18,45], occasionally surpassing other satellite-based 
precipitation products (SPPs). Nevertheless, the effectiveness of soil moisture-based products also 
depends on the topographical, climatic, and other specific conditions of the basin, and in some cases, 
they may be outperformed by other SPPs [46]. 

For instance, SM2RAIN-ASCAT and SM2RAIN-CCI products exhibit higher accuracy in arid 
areas such as the Peruvian and Bolivian Altiplano region than in the southern Asia region in Pakistan 
[10]. This precision is also confirmed in our study area. This disparity can be attributed to the more 
favorable physical environment for satellite-based soil moisture (SM) estimations in the Altiplano 
region. 

Furthermore, [11], compared various SPPs in a mountainous basin with a humid subtropical 
monsoonal climate in southern China and found that other SPPs adapted better than bottom-up-
focused SPPs to the basins climatology. This could be mainly attributed to the steep slopes in the 
mountainous basin and the predominant climate due to geographical location. Likewise, in this 
study, results varied depending on the exposed climatology, received precipitation, and basin size. 
As demonstrated by [47] in Pakistan, basins with precipitation exceeding 700 mm did not yield 
encouraging results, whereas basins with precipitation below 100 mm (arid and hyper-arid zones) 
exhibited Very Good adjustments, as observed in the results presented in this research. It should be 
noted that precipitation is generally directly proportional to altitude, which implies that basins 
predominantly featuring flat areas may yield better results, just as demonstrated by various authors 
[48–50]. 

Prominent discrepancies and sources of uncertainty in these areas arise from the impact of 
complex topography and climatic variability, phenomena extensively documented in previous 
research [17,51]. Thus, the results of this investigation demonstrated that the efficiency of SPPs is 
related to the slope and extent of the basin. Small, steep basins like Supe encountered difficulties in 
replicating observed streamflows, while, conversely, large, low-gradient basins like Camaná 
displayed Very Good results (NSE>0.75). 

It is anticipated that the most significant positive or negative biases will manifest in SM2RAIN-
based products in forested areas with dense vegetation cover (such as glaciers and mountainous 
regions in wet regions), where satellite sensors may be interpreted as unable to penetrate dense 
vegetation [52] or in regions where the soil remains saturated for prolonged periods, such as 
inundated areas (specifically in hydraulically developed areas in wet regions) [53]. 

5.2. Performance of hydrological modeling on the Pd 

The Pacific drainage (Pd) is an important region, making it crucial to adapt new methodologies 
related to water resource availability, such as the assessment of Underexplored Satellite Precipitation 
Products (SPPs) in South America. In this context, selecting an appropriate hydrological model is a 
significant task. In this study, the GR4J model, similar to other authors [54]. was chosen. This model 
was selected because it has demonstrated satisfactory results (NSE>0.5) in several basins in Peru 
[16,28,55,56]. 

While the GR4J model showed very promising results in this research, it is worth noting that 
some basins obtained unsatisfactory metrics for all three SPPs, as observed at the Yauca hydrometric 
station. These modeling uncertainties could be attributed to basins like Yauca having insufficient 
streamflow records (3 years), which hindered the calibration process. Unlike other semi-distributed 
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or distributed models like SWAT, TOPMODEL, and TOPKAPI, the GR4J model is a lumped model 
with 4 parameters and 2 functioning tanks, which may be inadequate for basins with diverse climates 
and complex topographies. Additionally, it should be noted that in basins with significant human 
intervention, such as the Rímac basin, the adaptation of the GR4J model can be further complicated 
since streamflows may not be naturalized. 

Despite experiencing a variety of climates, the Pacific drainage (Pd) showed that GR4J could 
produce satisfactory results, even in arid climates [47]. Furthermore, the evaluation of SPPs and the 
GR4J model also encompassed basins of different sizes in square kilometers (km²), demonstrating 
that the best results were obtained when assessing large basins (>5000 km²). These favorable results 
in larger basins could be interpreted as the areal averaging of meteorological data helping to correct 
underestimations or overestimations. In large basins, these data may capture more pixels from both 
the upper and lower parts of the basin, providing a more robust and representative average. 

The favorable outcomes of GR4J in the arid climate of the Pd align with findings from other 
researchers [11]. As expected, the model was validated using widely accepted efficiency metrics such 
as NSE, KGE, RMSE, BIAS, and r, as several authors have done [27,31]. Additionally, the use of a Skill 
Score and hydrological signatures allowed us to understand various aspects, including limitations 
related to the optimal periods for using Soil Moisture-derived products. 

Authors like [57], describe that during the summer period, all Satellite Precipitation Products 
(SPPs) exhibited a significant number of overestimations or underestimations, similar to what occurs 
in some regions of the Pd, as observed in Figure 6 of this study. According to [57], during the summer 
season, all SPPs showed a tendency towards underestimations, which is consistent with the results 
in Figure 4a, where underestimations are observed in the BIAS metric. Previous research, such as 
[58], concluded that the correlation coefficient increases proportionally with precipitation intensity. 
Conversely, errors decreased as precipitation intensity increased, an observation that aligns with the 
results of our current research (Figure 6 and Figure 4b). 

6. Conclusions 

This study evaluated the performance of 3 precipitation products. Two are based on bottom-up 
approaches in the Pd of Peru for estimating daily mean streamflows. Additionally, the performance 
of daily streamflows produced by the products was assessed using efficiency metrics and 
hydrological signatures. A total of 30 basins were evaluated using the GR4J hydrological model at a 
daily time step, grouped into 5 administrative regions. It was found that in at least 90% of the basins, 
evaluated products showed satisfactory results (NSE, KGE > 0.5) during the calibration stage, while 
scores decreased during the validation and total period. 

Spatial analysis with efficiency metrics, showed that for NSE metric, the SM2RAIN-ASCAT 
product performed the best in two analysis periods (calibration and total), with an average metric 
value of 0.50 (Satisfactory). Similarly, for the KGE metric, the product that performed the best in all 
three analysis periods was SM2RAIN-ASCAT, with an average metric value of 0.50 (Satisfactory). 
Furthermore, for the BIAS metric, the most conservative product with a value close to 0 during the 
calibration stage was GPM+SM2RAIN. Regarding the RMSE metric, the product that performed the 
best was SM2RAIN-ASCAT. 

In terms of spatial extent, it was determined that for basins with an area less than 1000 km2, the 
best product was ERA5-Land. For basins with an area between 1,000 and 2,500 km2, SM2RAIN-
ASCAT yielded the best results. Subsequently, for basins with an area between 2500-5000 km2, ERA5-
Land was the best product. Finally, for basins with an area greater than 5000 km2, the best product 
was GPM+SM2RAIN. 

On the other hand, results using Skill Score (SS) showed that the best products by region were: 
SM2RAIN-ASCAT for Region I, ERA5-Land for Region II, SM2RAIN-ASCAT for Region III, 
SM2RAIN-ASCAT for Region IV, and GPM+SM2RAIN for Region V. While the best product was 
determined for each region, this does not limit the use of other satellite products, as in Region III, for 
example, it is notable that SM2RAIN-ASCAT prevails in the northern zone while GPM+SM2RAIN 
prevails in the southern zone. 
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Based on the analysis using hydrological signatures, it was concluded that in Region I, the best 
product is GPM+SM2RAIN; in Region II, it is GPM+SM2RAIN; in Region III, it is GPM+SM2RAIN; 
in Region IV, it is SM2RAIN-ASCAT; and in Region V, it is SM2RAIN-ASCAT. These products had 
the highest number of satisfactory hydrological signatures. 

Finally, this study demonstrated that the bottom-up approach presents advantages to the ERA5-
Land in some Pd regions, mainly in areas with high precipitation or significant soil moisture. The use 
of SPPs under a bottom-up approach is recommended in the Pd, and further exploration in other 
regions of the Peruvian territory is also suggested. 
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