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ABSTRACT 
Hydrological models are vital in water resource management and emergency response, providing 
essential insights for managing river basins and mitigating flood risks. For these models to effectively 
function, they require accurate and comprehensive data. This study focuses on designing and creating 
a database specifically for the SAC, GR4J and SOCONT hydrological models used within the RS 
MINERVE hydrological modelling hub in the context of the Piura River basin. The research involves 
identifying and collecting precipitation, temperature and river discharge data from national 
organisations such as the National Service of Meteorology and Hydrology of Peru (SENAMHI) and 
the National Water Authority (ANA). Characterised by their temporal and spatial resolutions, the data 
are organised using standardised data formats and relational database structures to ensure 
interoperability and ease of access. To ensure the models function optimally, the collected data are 
subjected to rigorous validation for quality and consistency through statistical testing. The developed 
database aims to support the accurate assessment of information needs in hydrological modelling. 
Preliminary results indicate considerable improvements in model accuracy and reliability, facilitating 
effective water resource management and decision-making processes in the region. 
Keywords: hydrological models, database creation, data quality validation, water resource 
management, Piura River basin. 

1  INTRODUCTION 
Hydrological models are designed to study and simulate water behaviour in watersheds [1]; 
however, their accuracy and reliability largely depend on the quality and availability of input 
data [2]. In addition, the lack of understanding the real impact of hydrometeorological 
forecasts on vulnerable populations hinders the ability to make informed decisions [3]. To 
address this, the creation of a comprehensive database is proposed to provide the necessary 
data to enhance the application of tools such as SOCONT, GR4J, and SAC-SMA, thereby 
increasing the accuracy and usefulness of forecasts in water management and risk mitigation. 
     The SOCONT, GR4J and SAC-SMA hydrological models, part of the RS-MINERVE 
software, are conceptual tools of varying complexity that allow for the detailed simulation of 
the hydrological behaviour of a watershed [4]. The SOCONT (observation and control 
system for water levels) hydrological model integrates snow, infiltration, and runoff models, 
using input data such as precipitation, temperature, and evapotranspiration [5]. Recently, 
SOCONT has been used to simulate extreme flood events under summer conditions [6] and 
to assess changes in the hydrological regime of watersheds [7]. 
     Conversely, the GR4J (Spanish acronym for Daily Rural Engineering with Four 
Parameters) model is a conceptual rainfall-runoff model characterised by its simplicity, using 
precipitation and temperature as input data [8]. It has been applied to simulate hydrological 
processes in various tropical and subtropical watersheds [9]. Finally, the SAC-SMA 
conceptual hydrological model is widely used to simulate runoff flow using precipitation and 
potential evapotranspiration data [10]. 

 
 www.witpress.com, ISSN 1743-3541 (on-line) 
WIT Transactions on Ecology and the Environment, Vol 262, © 2024 WIT Press

doi:10.2495/SDP240511

Sustainable Development and Planning XIII  619



2  AREA OF STUDY 
The Piura River basin is located in the department of Piura, northern Peru, covering an area 
of 10,872 km2 across the provinces of Piura, Morropón, Huancabamba, Ayabaca and Sechura 
[11]. The region experiences a semiarid climate with an average annual precipitation of  
400 mm [12]. There are 47 hydrometeorological stations distributed throughout the basin. 
Fig. 1 shows the location map of the study area. 
 

 

Figure 1:  Location map of the Piura River basin, Department of Piura, Peru. 

3  INPUT VARIABLES FOR THE DATABASE 

3.1  Precipitation 

Precipitation is a meteorological phenomenon where water vapor in the atmosphere 
condenses and falls to the surface of the Earth in various forms such as rain, snow, or hail 
[13]. It is measured using instruments called rain gauges, which record the amount of 
accumulated water in millimetres over a specified period (e.g., day, month, and year) [14]. 
In this study, we used daily precipitation data. 

3.2  Temperature 

Temperature is a crucial physical property of matter that measures the intensity of heat in a 
system, be it solid, liquid, or gaseous [15]. At meteorological stations, temperature is 
measured using sensors that record daily temperature data over extended periods [16]. 
Furthermore, air temperature influences the formation and accumulation of ozone in the 
atmosphere, impacting both air quality and public health [17]. 
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3.3  Flow 

The flow of a river refers to the minimum amount of water required to flow through its course 
to maintain ecological values, measured in m3 s−1 [18]. This value is determined by carefully 
analysing the minimum needs of the ecosystems within the basin, considering any alterations 
to the river’s natural flow [19]. This variable serves as the primary parameter for adjusting 
and validating the model’s performance by minimising the discrepancy between simulated 
and observed flow [20]. 

3.4  Digital elevation model  

A digital elevation model (DEM) is a three-dimensional depiction of the terrain surface, 
offering detailed spatial information about the topography of an area of interest [21].  
The GR4J, SOCONT, and SAC-SMA hydrological models can greatly benefit from 
incorporating spatial and land use data, improving the accuracy of their simulations [22]. In 
particular, the DEM is used to define the watershed, assess the topography, and determine 
flow directions [23]. 

3.5  Soil type 

The soil variable provides information about soil properties such as infiltration capacity and 
water retention [24]. While soil maps are not strictly necessary for the basic operation of the 
selected models, their use greatly benefits the calibration and adjustment of model 
parameters, thereby enhancing simulation accuracy [25]. 

3.6  Land use 

Different types of land use and vegetation cover in the watershed considerably impact 
infiltration and evapotranspiration [26]. This information is valuable due to the data it 
provides on evapotranspiration (ETP). Each type of vegetation cover exhibits different 
evapotranspiration rates, while urbanised and paved areas tend to generate more surface 
runoff due to lower infiltration capacity, leading to considerable variability in soil water 
retention based on predominant land use [27], [28]. 
     The following sections outline the process conducted to assess the precipitation variable, 
identified as the most relevant due to its high variance over short time intervals [29], 
especially in arid climates. 

4  DESIGN AND IMPLEMENTATION OF THE DATABASE 
Database creation with data from rainfall and meteorological stations owned by the National 
Water Authority (ANA) and the National Service of Meteorology and Hydrology of Peru 
(SENAMHI) aimed to gather hydrometeorological information by systematically organising 
data. This effort included collecting geographical coordinates, station data, recording periods, 
and data sources to enhance information visualisation and management. For the selection of 
the recording period, a prolonged interval was established because the accuracy of frequency 
estimates is strongly linked to sample size [30]. This period spanned from 1980 to 2016, 
excluding the years affected by the El Niño events of 1982–1983, 1997–1998, and 2016–
2017. The reason for these exclusions was that the selected hydrological models lacked the 
capability to manage sudden trend changes, potentially resulting in either overestimated 
average flows or underestimated critical flows [9]. 
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     The data from these stations was consolidated into a unified input dataset, maintaining 
consistency in recording periods across all station types. After a first filter, the number of 
stations was reduced to five meteorological stations with information on the precipitation 
variable: Chusis, Chalaco, Huarmaca, Huancabamba and Miraflores. On the other hand, the 
RSMINERVE software requires input data to be in a specific format; therefore, the data file 
must be in CSV format, where columns are separated by commas and rows by line breaks. 
The first column of the file must contain variable names. Mandatory variables include 
Station, which refers to the name of the meteorological station; X and Y, representing the 
geographic longitude and latitude of the station in UTM coordinates, respectively; Z, 
indicating station altitude above sea level; Category, describing the type of information 
provided by the station, such as precipitation or temperature; Sensor, an abbreviation for the 
type of sensor used to measure the variable, like P for precipitation; and Measurement Units, 
which for precipitation would be mm/month. Finally, the Interpolation Method must be 
defined, with ‘ConstantBefore’ used for precipitation. It should be noted that there are no 
spaces between words. If necessary, an underscore (_) must be used to replace blank spaces. 
Stations must be listed vertically, and station data must be organised by selected periods. 

5  VALIDATION OF THE DATABASE 
The validation of the database involves three main stages (Fig. 2). The first stage is an initial 
evaluation of the collected data, which includes a visual inspection to ensure there are no 
negative values, detect any distortions in the series mean, and confirm the presence of 
credible limits, with a daily rainfall limit of 305 mm being the maximum value a station can 
detect [31]. The next step involves developing double mass curve graphs to visually inspect 
for potential breaks in the data. These graphs plot the cumulative average precipitation of all 
basin stations on the x-axis and the cumulative daily volumes of each station under study on 
the y-axis. 
     Finally, statistical homogeneity analyses (e.g., Pettitt, SNHT and Buishand) are conducted 
to determine if there are notable breaks in the data time series. Using multiple statistical tests 
increases our confidence in the results if all tests indicate a similar trend direction [32]. These 
analyses are conducted annually due to daily data variability [33]. The Pettitt method is used 
to identify notable breakpoints in chronologically ordered meteorological data without 
assuming any specific distribution. The standard normal homogeneity test (SNHT) tends to 
detect changes at the beginning and end of the time series. Meanwhile, the Buishand model 
uses cumulative deviations from the mean to identify change points. These models are 
combined to verify homogeneity in the time series, confirming breaks if at least two of them 
reject the null hypothesis of homogeneity (p > 0.5) [34]–[37]. Finally, if a station with a 
breakpoint is identified, a homogeneity adjustment will be applied using the mean and 
standard deviation correction method for the oldest discordant period [38], [39]. 
     With the validated information, missing data were completed using linear regression and 
random forest methods, optimised with an algorithm based on the root mean square error 
(RMSE). This statistical index measures the accuracy of a predictive model. Ideally, RMSE 
results should approach zero, indicating high model precision and predictions that are very 
close to the actual values [40]. This approach ensured that gaps were filled with the highest 
possible accuracy by evaluating the performance of both methods to select the most suitable 
one for each station. Linear regression predicts unknown data values based on related and 
known data, establishing a linear relation between a reference station and the one with 
missing data [41]. In contrast, random forest is a decision tree-based algorithm that uses 
multiple trees for prediction, displaying predictive variables at each node [42], [43]. 
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Figure 2:    Flowchart representing the links between the main steps (i.e., visual monitoring, 
change detection, and data imputation) in the proposed research methodology. 

6  RESULTS AND DISCUSSION 

6.1  Visual analysis of the precipitation variable 

According to Fig. 3, the Chalaco and Huancabamba stations indicate good data consistency, 
while the graphs for Chusis, Miraflores and Huarmaca show some interruptions in the 
diagram due to incomplete data.  

6.2  Homogenisation 

The statistical analysis of the incomplete data revealed that at the Chusis station, the SNHT 
and Buishand tests did not reject the null hypothesis of homogeneity, suggesting that the  
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Figure 3:    Double mass curve of the primary precipitation data for each meteorological 
station representing an overview of potential breaks. 

change detected by the Pettitt test might not be notable or could have been influenced by 
random factors [44] (Table 1). A similar situation was observed at the Chalaco station, where 
only the Buishand test detected a break, while the Pettitt and SNHT tests did not. Finally, at 
the Huarmaca, Huancabamba, and Miraflores stations, none of the three tests rejected the 
null hypothesis, indicating no considerable change in the data distribution during the period 
assessed. 
     Notably, the results of the trained model indicate that linear regression is a more effective 
data imputation method than random forest for the stations of interest, as evidenced by a 
lower RMSE (Table 2). This effectiveness can be attributed to linear regression’s greater 
interpretability, which makes it easier to understand the influence of explanatory variables 
on the response variable [45]. In addition, linear regression is a simpler model and less prone 
to overfitting, especially in large datasets or those with many explanatory variables [46]. 
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Table 1:    Statistical test results for precipitation from meteorological stations assessing 
primary data. 

Gauge station Pettit 
Pettit  

p-value 
SNHT 

SNHT  
p-value 

Buishand 
Buishand  
p-value 

Chusis True 0.0093 False 0.1333 False 0.0888 
Chalaco False 0.0132 False 0.0622 True 0.0297 
Huarmaca False 0.1463 False 0.2310 False 0.0793 
Huancabamba False 0.0239 False 0.0574 False 0.0803 
Miraflores False 0.0854 False 0.9530 False 0.8167 

Table 2:   Results from the RMSE values and model selection for the imputation of 
precipitation data for each meteorological station. 

Gauge station  RMSE LR RMSE RF 

Chusis 3.4724 3.8338 

Chalaco 4.5171 4.7253 

Huarmaca 6.1898 6.6643 

Huancabamba 1.9306 2.0917 

Miraflores 0.8075 0.8746 
 
     In the statistical analysis of the completed data (Table 3), it was observed that at the 
Chalaco station, the Pettitt, SNHT and Buishand tests rejected the null hypothesis of 
homogeneity, indicating the detection of an abrupt change in precipitation amount at some 
point during the analysed period. From the initial analysis, the Chalaco station exhibited signs 
of a trend change according to the Buishand model. In contrast, at the Chusis, Huarmaca, 
Huancabamba and Miraflores stations, none of the three statistical models found evidence of 
a considerable change in means. Therefore, these four stations do not evidence heterogeneous 
data. 

Table 3:    Statistical test results on precipitation data from meteorological stations using 
imputed data. 

Gauge station Pettit 
Pettit  

p-value 
SNHT 

SNHT  
p-value 

Buishand 
Buishand  
p-value 

Chusis False 0.3805 False 0.5276 False 0.4179 

Chalaco True 0.0033 True 0.0189 True 0.0130 

Huarmaca False 0.2138 False 0.3723 False 0.1016 

Huancabamba False 0.0281 False 0.0701 False 0.0643 

Miraflores False 0.4322 False 0.8608 False 0.8103 
 
     In the same line, Fig. 4(a) denotes a break in the annual precipitation mean starting from 
the year 1995 at the Chalaco station, increasing from approximately 800 to 1100 mm. Fig. 
4(b) displays the corrected data, reflecting an adjusted time series following the identification 
of this change point. 
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(a) 

 
(b) 

Figure 4:    (a) Annual series from the Chalaco meteorological station with uncorrected 
imputed precipitation data; and (b) Annual series from the Chalaco 
meteorological station with corrected imputed precipitation data. 

7  CONCLUSION 
Based on the study findings, initially all stations demonstrated homogeneity, though a 17% 
missing data rate was addressed using regression algorithms. However, the Chalaco station 
exhibited heterogeneity that required correction. The cause of this heterogeneity in Chalaco 
could not be conclusively attributed to non-climatic factors due to the lack of confirmatory 
metadata. 
     To improve the robustness of the findings, increasing the number of stations and 
conducting grouped analyses with nearby stations is recommended. Likewise, no outliers 
were identified outside of the El Niño years, suggesting minimal impact on the homogeneity 
analysis of the precipitation time series. 
     Ultimately, the methodology proposed in this study is expected to not only facilitate future 
hydrometeorological research in similar regions but also provide crucial tools for validating 
and continually improving data quality.  
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