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ABSTRACT   

The purpose of this article is to evaluate the effects of climate change on surface runoff, aquifer recharge, 

percolation and renewable water resources in the Huancané River basin, Puno – Peru, using the SWAT 

hydrological model and the standardized precipitation index (SPI). The RCP 4.5, RCP 8.5, SSP1-2.6 and 

SSP3-7.0 climate scenarios of CMIP5 and CMIP6 were applied for the projected period 2025–2100. The 

model was calibrated and validated with historical data from the period 1981–2016. The results showed that 

surface runoff will decrease significantly in the most extreme scenarios, reaching only 8.09 m³/s in SSP3-

7.0, while in RCP 8.5 a maximum of 12.59 m³/s is projected. The recharge of the aquifer will be reduced 

from 559.22 Mm³ to 179.09 Mm³ and the volume of renewable water will decrease by 51.2%, from 750 Mm³ 

to 366 Mm³. In addition, the average annual temperature in the basin could reach 14°C by the end of the 21st 

century, increasing evapotranspiration and further reducing water availability. The SPI index projects an 

intensification of droughts during the period 2025–2050. These scenarios show a growing vulnerability of 

the water system, which represents a critical challenge for agriculture, supply and sustainability. The 

integration of the SWAT model with climate projections is a key tool for water planning and adaptation in 

vulnerable Andean regions. 

Keywords: Climate change, SWAT Modeling, CMIP6 Scenarios, Droughts, Tropical Andes. 

1. Introduction  

The effects of climate change are very salient and its importance of processes, including the hydrological cycles 

of environmental conditions and the ecological balance of ecosystems and the management and planning of 

water resources, are complicated due to the consequences of climate change uncertainties[1], [2], which 

represents a major concern due to the increase in temperature worldwide and variations in rainfall patterns and 

extreme weather events that change the total and seasonal water supply [3],[4]. In this context, the floods in the 

Andean basin of Huancané are strongly related to the level of Lake Titicaca, for example, two heavy floods 

were recorded between 1982 and 1986, and 2003 and 2004 [5],[6]. Over time, scenarios have been developed 

to estimate the effects of rising greenhouse gases on global temperature. RCPs represent different levels of 

radioactive forcing and help assess future climate uncertainty in variables such as temperature and precipitation. 

More recently, the IPCC introduced SSPs, which incorporate socioeconomic factors that influence emissions 

and adaptation to climate change. The combination of RCP and SSP allows for a comprehensive analysis of 

https://creativecommons.org/licenses/by/4.0/
mailto:adderlymamani@unap.edu.pe


 PEN Vol. 13, No. 3, July 2025, pp.503-520 

504 

future climate impact. According to projections, the temperature will continue to rise in all scenarios, and exceed 

1.5°C or 2°C  [7], [8]. In this context, it is important to use the SWAT hydrological model to simulate the water 

cycle and water availability under different climate and land use scenarios [9], [10]. Consequently, SWAT is a 

physically-based model capable of simulating the spatial and temporal distribution of water resources, making 

it an especially useful tool for areas with limited observational data. In Peru, the incorporation of gridded climate 

databases, such as RAIN4PE (Rain for Peru and Ecuador) and PISCO (Peruvian Interpolated data), which 

provide high-resolution precipitation data from both satellite and terrestrial sources, improves the accuracy of 

hydrological models and enables more reliable projections in areas with limited information [11], [12]. 

Precipitation and temperature data applied the CMhyd and SWAT models to study climate change-related runoff 

and sediment uncertainty in future periods of 2015 and 2100 under Global Circulation Models (GCMs) [13]. 

The Standardized Precipitation Index (SPI) was designed to identify and monitor droughts, taking into account 

precipitation alone as a variable to determine the presence of a rainfall deficit or surplus in a specific region 

during a given period under normal conditions [14],[16]. It is one of the most widely used indices in Europe to 

monitor different types of droughts [17], [18]. The SWAT model has been used to assess the impacts of climate 

change in the Budhigandaki River Basin, projecting an increase in annual flows and greater variability at 

extremes under RCP4.5 and RCP8.5, highlighting the need for adaptation in water management [19]. According 

to Daneshvar et al. (2021) they used SWAT that was adapted for southern Peru with local and satellite data, 

showing reliable predictions. The basin is dominated by baseflow, with less than 9% of surface runoff and 62% 

of precipitation lost to evapotranspiration. These methods are useful for watersheds with limited data in the 

Peruvian Andes. This study evaluates the management of water resources in Arequipa, using climate change 

models and socioeconomic scenarios. An increase in flows is projected during the wet season, with increases of 

up to 704% in reservoir inflows. Although water deficits are not expected, improved storage and irrigation 

efficiency is required to avoid losses during the wet season[20]. The research evaluates the impact of land-use 

change (LULC) on the water balance of the Puyango-Tumbes basin (Ecuador and Peru) between 1981 and 2015. 

An increase of 18.3% was detected in grasslands and a reduction of 38.2% in savannahs, which increased 

Evapotranspiration (PET) by 2.1% and reduced Percolation (PERC) by 29.2%, Runoff (SURQ) by 20.7% and 

Groundwater Flow (GW_Q) by 33%. These changes highlight the importance of properly managing water 

resources [21]. On the other hand, Xiaolu et al. (2021) this analysis used SWAT to assess the impact of irrigation 

in Majes, Arequipa, with 49 sub-basins and 4222 HRUs. Agricultural infiltration affects the groundwater flow 

and the Siguas River. Climate variability impacted surface runoff more (70%) than groundwater flow (30%). It 

is recommended to monitor sustainable water management in the face of climate change [22]. 

Given the different climate changes around the world, Peru cannot be excluded from these large-scale changes, 

the consequences of which are observed in many Peruvian basins, as has been seen, very few studies have 

evaluated the effects of climate change on water resources. The purpose of this study is to analyze the impact 

of climate change on renewable water resources in the Huancané River basin, through hydrological simulations 

with the SWAT model and climate projections derived from the MPI_ESM_MR and ACCESS1_0 models (RCP 

4.5 and 8.5), as well as MPI-ESM1_2_HR and ACCESS_CM2 (SSP1-2.6 and SSP3-7.0).  on the horizon 2025–

2100. The aim is to estimate the projected variations in runoff, groundwater recharge and percolation, to guide 

decision-making in water management 

1.1. Theoretical framework 

1.1.1. Climate change and hydrological systems 

Climate change represents one of the most significant global challenges, with profound implications for 

hydrological cycles (IPCC, 2021). Rising temperatures, altered precipitation patterns, and increased frequency 

of extreme weather events directly influence the availability, distribution, and quality of water resources [23]. 

These changes can disrupt the seasonal flow regimes, alter snowmelt dynamics, and increase evapotranspiration, 

especially in high mountain ecosystems like the Andes [24]. 

The Andean basins, including those in Peru, are characterized by complex topography, climate variability, and 

a dependence on glacial and rainfall contributions for streamflow [25]. In regions such as Huancané, river 

discharge is influenced by both precipitation and glacier meltwater. These hydrological dynamics are sensitive 

to even minor climatic fluctuations, making them critical indicators of climate change impacts [26]. 

The Peruvian Andes have experienced significant glacier retreat over the past decades due to increasing 

temperatures, affecting water availability for agricultural, domestic, and ecological uses [27]. Basins like 

Huancané are particularly vulnerable due to their reliance on seasonal water inputs and limited water storage 
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infrastructure. Understanding the temporal variability and future trends in streamflow is essential for sustainable 

water management in these regions [25]. 

1.1.2. Quantitative modeling and climate projections 

Hydrological modeling, supported by quantitative methods and climate scenarios (e.g., RCP 4.5, RCP 8.5), 

allows for the simulation of water resource responses to different climate futures [28]. Models such as SWAT 

(Soil and Water Assessment Tool) and WEAP (Water Evaluation And Planning) are widely applied in Andean 

contexts to evaluate changes in runoff, infiltration, and evapotranspiration under varying climatic inputs [29]. 

The use of downscaled General Circulation Models (GCMs) further enhances the accuracy of regional 

assessments. 

Studies in the southern Peruvian Andes have documented the reduction of glacial-fed water flows and shifts in 

seasonal hydrological patterns [30]. In the neighboring basins of Lake Titicaca, researchers have observed a 

correlation between decreasing precipitation and reduced surface water flows, emphasizing the urgent need for 

local adaptation strategies [31]. These findings underscore the importance of site-specific assessments, such as 

the one proposed for the Huancané basin. 

Despite the growing body of literature on climate impacts in Andean basins, there remains a lack of detailed 

quantitative analyses at the sub-basin scale, particularly in the Huancané River basin. This research addresses 

this gap by integrating climate projections and hydrological modeling to assess the current and future water 

availability, offering valuable insights for policy-making, community planning, and climate resilience 

strategies. 

2. Research method 

2.1. Study area 

This study was carried out in the basin of the Huancané River covers an approximate area of 3,522 km², with a 

maximum altitude of 5,162 meters above sea level in the South Puna hill and a minimum of 3,812 meters above 

sea level at its mouth in Lake Titicaca. Geographically, it extends between latitudes 14.3° and 15.6° south, and 

longitudes 69.2° and 70.4° west, as illustrated in the corresponding figure. Figure 1. 

 

Figure 1. Study Basin and Stations 

The Huancané River basin is formed at the confluence of the Quellocarca and Tuyto rivers, and from this point 

it acquires its name to its mouth in Lake Titicaca. Its main course extends approximately 125 km from its sources 

to the lake. Before its arrival in it, there is the Puente Huancané hydrometric station, managed by SENAMHI 

and data PISCO V2.1 gridded[32], where the flows contributed by the river are monitored. Access to the study 

area from the city of Puno is through the paved road Puno – Juliaca – Huancané, with an approximate distance 

of 92 km. As for its limits, the Huancané River basin is bordered to the east by the Suches and Huaycho river 

basins, to the west by the Azángaro River basin and the Ramis inter-basin, to the north by the Azángaro River 

basin and to the south by Lake Titicaca.  
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2.2. SWAT database 

In this study, the SWAT hydrologic model [33] It was developed using spatial and climatic information from 

various sources. A DEM (Digital Elevation Model) layer with a resolution of 90 m was used, obtained from the 

Alaska Satellite Facility (ASF), which allowed the delineation of the basin and the definition of the hydrographic 

network in the ArcGIS environment. In addition, a soil layer at a resolution of 1:5 000 000 from FAO (1995 

and 2003), and a vegetation cover layer with a spatial resolution of 300 m, provided by the USGS through the 

Earth Explorer portal, were used.In the first phase of modeling, the Huancané River basin was divided into 42 

sub-basins based on topography and the network of dividing lines. Subsequently, each sub-basin was 

fragmented into a total of 1,649 Hydrological Response Units (HRUs). Figure 2. defined by unique 

combinations of land use, soil type, and slope. This procedure allowed a detailed and spatially explicit 

representation of hydrological processes throughout the basin. 

 

 

Figure 2. Digital Elevation Model (DEM) (A), Land Use (B), Soil Map (C), Soil Slopes (D) 
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The daily records of minimum temperature, maximum temperature and precipitation from six meteorological 

stations were incorporated into the model, in order to simulate the hydrological processes corresponding to the 

period 1981–2024, using the SWAT model (version 2012) in the ArcGIS 10.8.26 software environment. The 

calibration and validation of the model was carried out using the monthly flows observed in a hydrometric 

station, applying the SWAT-CUP software using the SUFI-2 algorithm. The technical specifications of the 

Puente Huancané hydrometric station are detailed in Table 1. 

Table 1. Characteristics of the Latin Hydrometric Station 

Season Station code Height Longitude Latitude 

Huancané 

Bridge 
210201 3821 69°47’33.4’ 15°12’57.2’’ 

 

2.3. Annual climate scenarios generated using GCM 

Global Climate Models (GCMs) are fundamental tools for assessing the impacts of climate change and 

simulating the responses of the climate system to different trajectories of greenhouse gas concentration.[34], 

[35].  

In the present study, climate data generated by four models were used four different models were downloaded 

in the SSP1-2.6 and SSP3-7.0 scenarios The CMhyd model was used for bias correction of projected 

precipitation and temperature estimates based on GCM at the basin scale [36], [37]. successfully overcome the 

bias between observed and simulated climate variables based on GCM indicators in various regions of the 

world[38]. GCMs corresponding to the CMIP5 and CMIP6 projects: ACCESS1-0 and MPI-ESM-MR of 

CMIP5, and ACCESS-CM2 and MPI-ESM1-2-HR of CMIP6. These models were selected for their robustness 

in simulating regional climatic conditions and their compatibility with hydrological modeling tools. The climate 

simulations were developed under four representative concentration scenarios: RCP 4.5 and RCP 8.5 of CMIP5, 

as well as SSP1-2.6 and SSP3-7.0 of CMIP6. To ensure the hydrological applicability of the projections, the 

CMhyd model was used with the aim of performing spatial disaggregation, data extraction, downscaling and 

bias correction of the gross climate outputs of the GCMs. In this way, a set of adjusted daily climate data was 

obtained that were used as input in the SWAT hydrological model, allowing a comparative analysis of the trends 

in temperature, precipitation and other climate variables under different emission trajectories for the period 

2025–2100. 

CMIP6 introduces substantial advances over CMIP5, including higher spatial and temporal resolution, improved 

representation of physical processes such as aerosol-cloud interactions, and more accurate simulation of extreme 

events. Unlike CMIP5, which relied on Representative Concentration Pathways (RCPs), CMIP6 uses Shared 

Socioeconomic Pathways (SSPs), integrating socioeconomic factors with emissions to provide more realistic 

and policy-relevant scenarios. Additionally, many CMIP6 models exhibit higher climate sensitivity, implying 

greater projected temperature increases and, consequently, a potential intensification of hydrological impacts. 

These differences make CMIP6 more suitable for detailed regional climate change assessments, such as those 

conducted in the Huancané River basin. 

Table 2. A summary of the characteristics of the Special Report on Emission Scenarios (ESRES) on climate 

scenarios (A1, A2, B1 and B2) in 2100 compared to 1990. 

Stage Feature 1990 RCP 4.5 RCP 8.5 SSP1-2.6 SSP3-7.0 

World Population (Billion) 525 9.3 12.0 8.5 11.2 

CO₂ in the Atmosphere (ppm) 354 538 936 421 821 

World Economic Growth Index 2 600 800 900 300 

2.4. Running the SWAT model 

SWAT is a continuous hydrological model oriented at the basin scale, developed to evaluate the effects of 

various management strategies on water, sediment and agrochemical levels in large and complex watersheds, 

which exhibit variability in soils, land uses, morphological conditions and long-term management practices 

[33], [39], [40]. It is a physical model of spatial distribution that allows the analysis of problems related to soil 
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and water. Unlike empirical models based on regression equations, SWAT operates using observational data of 

climate, soil properties, topography, vegetation cover, land use, and management practices implemented in the 

watershed the scheme shown. Figure 3, SWAT is a distributed model that divides a basin into sub-basins and 

discretizes them into Hydrologic Response Units (HRUs). The initial configuration includes watershed 

delineation and the use of slope, land use, and soil data to define the HRUs. This approach assumes that lands 

with similar characteristics show similar hydrological behaviors[41], [42]. From this data, it indirectly simulates 

physical processes such as water flow, sediment transport, plant growth, and nutrient cycling using defined input 

parameters. It is a computationally efficient model, designed to simulate large-scale, high-complexity 

watersheds with a low processing cost, thus enabling the analysis of prolonged impacts such as erosion, diffuse 

pollution, and sedimentation. The operation of the model is based on a comprehensive database that determines 

the values and limits of the parameters for each component, including the location and data of meteorological 

and climatic stations, as well as the current agricultural and water management practices of the study area. Inputs 

to the model are generally organized into point and spatial data. 

In this study, the SWAT hydrologic model was used to evaluate water management strategies at the basin level. 

SWAT is a physically-based hydrological simulation tool with a semi-distributed approach that allows 

hydrological processes to be represented in differentiated geographical spaces. It uses the Soil Conservation 

Service (SCS) method to estimate runoff, and simulates phenomena such as surface runoff, snow melt, lateral 

flow, and underground drainage. It also allows the calculation of the water balance and flow in rivers, based on 

one (1) fundamental that integrates water inputs, outputs and storage. The SWAT hydrologic model is based on 

the basic equation of the water balance: 

𝑆𝑊𝑡 = 𝑆𝑊0 + ∑(𝑅𝑑 − 𝑄𝑠 − 𝐸𝑎 − 𝑊𝑠𝑒𝑒𝑝 − 𝑄𝑔𝑤)

𝑡

𝑡=1

 (1) 

Where denotes the total water content in the soil, it is the initial soil moisture level, and represents the time 

expressed in days.  is the daily precipitation, while it refers to the surface runoff generated.  It is the actual 

evapotranspiration, it is the volume of water that infiltrates into the unsaturated zone (vadose) during the day, 

and indicates the return flow or underground runoff that occurs that same day.𝑆𝑊𝑡𝑆𝑊0𝑡𝑅𝑑𝑄𝑠𝐸𝑎𝑊𝑠𝑒𝑒𝑝𝑡𝑄𝑔𝑤𝑡 

 

Figure 3. Model flowchart illustrating the integration of the Soil and Water Assessment Tool (SWAT) models 

2.5. Calibration analysis 

Due to the large number of parameters present in the SWAT model and the simultaneous simulation of various 

hydrological and agricultural variables, it was performed using the SWATats Calibration and Uncertainty 

Procedures (SWAT-CUP) software [43] in which a sensitivity analysis and subsequent calibration were carried 

out. There are two approaches to sensitivity analysis: a local one, which can be related to time, and a global one. 
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In local sensitivity analysis, a single parameter is adjusted within a predefined range while the others remain 

constant, thus evaluating changes in the model results based on the variation of each parameter. A parameter 

that has a higher absolute value in the t-stat and a p-value close to zero will have a more significant impact on 

the variable analysed[44], [45]. The calibration of the model was performed using the coefficient of 

determination (R²) and the Nash-Sutcliffe coefficient of efficiency (NS). 

2.6. Standard precipitation index (SPI)  

This index was first proposed in 1993 by McKee et al. and is calculated for each region considering the historical 

record of its rainfall. It is one of the simplest and most widely used drought indices, as it compares normalized 

rainfall with average rainfall to show the deficit or excess of rainfall in a specific period of time, location, and 

climate [46], the SPI is supported globally by the World Meteorological Organization (WMO) for drought 

assessment [47]. For the evaluation of droughts using the SPI index, precipitation is the only data required. 

Initially, an appropriate statistical distribution is adjusted to the long-term rainfall data[22]. Subsequently, the 

cumulative distribution function is transformed into a normal distribution using equivalent probabilities, 

according to (2). 

𝑆𝑃𝐼 =
𝑋𝑖 − 𝑋−

𝑆𝑛
 (2) 

𝑋−is the average precipitation per month, Sn is the standard deviation on the time scale, and is the rainfall per 

month. 𝑋𝑖   

Due to the normality of the SPI Index, dry and wet climates can also be monitored using the SPI Index. Table 

3 lists the drought classification based on the SPI index 

Table 3. Drought Classification 

SPI Values 

𝑆𝑃𝐼 ≥ 2.0 Extremely humid 

1.5 ≤ 𝑆𝑃𝐼 < 2.0 Very humid 

1.0 ≤ 𝑆𝑃𝐼 < 1.5 Moderately humid 

−1.0 < 𝑆𝑃𝐼 < 1.0 Close to normal 

−1.0 ≥ 𝑆𝑃𝐼 > −1.5 Moderately dry 

−1.5 ≥ 𝑆𝑃𝐼 > −2.0 Severely with him 

−2.0 ≥ 𝑆𝑃𝐼 Extremely dry 

The analysis of drought conditions using the Standardized Precipitation Index (SPI) reveals an increasing 

frequency and intensity of meteorological droughts in the Huancané River basin, particularly under high-

emission scenarios. These SPI-based drought classifications are closely linked to hydrological impacts such as 

reduced streamflow, lower groundwater recharge, and diminished water availability during the dry season. The 

correspondence between negative SPI values and periods of decreased river discharge highlights the basin's 

sensitivity to precipitation deficits. This connection underscores the utility of the SPI as an early indicator of 

hydrological stress, reinforcing the need for integrated drought monitoring and adaptive water management 

strategies in the context of climate change. 

3. Results and discussion 

3.1. Analysis of the variability of model parameters  

The period between 1981 and 2024 was selected after a statistical analysis of data from climatological and 

hydrometric stations in the basin studied, also considering the objectives of the research and the need to have 

inputs modeled in continuous and simultaneous time series. Within this interval, the years 1981-2016 were used 

for the calibration phase, while the last three years (2017-2024) were used for model validation. To carry out 

the calibration and validation of the SWAT model, monthly time series of the observed data were prepared, 
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using the SWAT-CUP software together with the SUFI-2 algorithm. In total, 103 key parameters were adjusted 

and validated for the simulation of runoff in the model. 

The parameters with the greatest impact on the flow are presented in Table 4. As for the codes used, the letter 

V indicates the replacement of a parameter with a new value, while the letter R represents the multiplication of 

the original parameter by (1 + a certain value), thus replacing the initial parameter. On the other hand, Table 3 

shows the effects of various relevant parameters in the simulation of the flow in the sub-basins, accompanied 

by their respective p-values and t-stats. Those parameters with a higher absolute t-stat value and a p-value close 

to zero exerted a greater influence on the flow of the current. 

Table 4. Sensitivity analysis and determination of the effective parameters of the model; V: Replacing a 

parameter value with a new value of a new parameter; R: parameter value multiplied by (1 + given value) 

Parameter Code Description T -stat 
P-

Value 

v__CH_N2.rte Curve number 0.88 0.47 

v__ESCO.game Soil evaporation compensation factor -0.23 0.84 

v__GW_REVAP.gw Groundwater re-evaporation coefficient 0.27 0.81 

v__REVAPMN.gw 
Threshold depth of water in the shallow aquifer for re-

evaporation to occur (mm) 
0.30 0.80 

v__GWQMN.gw 
Threshold of water depth in the shallow aquifer required for the 

return flow to occur (mm) 
0.76 0.53 

v__GW_DELAY.gw Groundwater delay (days) 0.61 0.61 

v__ALPHA_BF.gw Baseflow Recession Constant 0.38 0.74 

v__RCHRG_DP.gw Percolation fraction of deep aquifers -0.08 0.94 

v__CH_K2.rte 
Effective hydraulic conductivity in main channel alluvium (mm 

h⁻¹) 
0.69 0.56 

v__TIMP.bsn Snow cover temperature lag factor -0.26 0.82 

v__SURLAG.bsn Coefficient of delay of surface runoff (day) 0.01 1.00 

v__SFTMP.bsn Base snow melt temperature (°C) -0.24 0.83 

v__SMTMP.bsn Snowfall temperature (°C) 0.45 0.70 

v__SMFMX.bsn Maximum melt factor for June 21 (mm H₂O °C⁻¹ day⁻¹) 0.64 0.59 

v__SMFMN.bsn Minimum melt factor for December 21 (mm H₂O °C⁻¹ day⁻¹) -0.05 0.97 

3.2. Model calibration and validation  

After performing the sensitivity analysis, the calibration and validation of the model was carried out using 

monthly data from Latin American hydrometric stations. The simulations were evaluated using the coefficient 

of determination (R²) and the Nash-Sutcliffe coefficient of efficiency (NS), as detailed in Table 5. As can be 

seen in Figure 4, despite the large size of the basin, the final results of the calibration reflect the ability of the 

SWAT model to accurately represent the hydrological behavior of the basin. 

 
Figure 4 Graph of observed and simulated time series with 95% probability band (Latiana hydrometric 

station) 
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Table 5. Calibration and validation results for each hydrometric station in the period 1981–2016. R2: 

coefficient of determination; NS: Nash–Sutcliffe coeffcient 

Season Rio Station code 
𝑅2 𝑁𝑆 𝑅2 𝑁𝑆 

Calibration Validation 

Huancané 

Bridge 
Huancané 2102001 0.75 0.73 0.85 0.81 

3.3. Annual runoff simulation  

Since the SWAT model simultaneously requires temperature and precipitation data, multiple climate models 

from the CMIP5 and CMIP6 sets were selected to assess the future hydrological behavior of the Huancané River 

basin. In this case, the MPI-ESM-MR and ACCESS1_0 models for CMIP5 under the RCP 4.5 and RCP 8.5 

scenarios were considered, and the MPI-ESM1-2-HR and ACCESS-CM2 models for CMIP6 under the SSP1-

2.6 and SSP3-7.0 scenarios. Time series of meteorological data corrected by statistical methods were generated 

and integrated into the SWAT model to simulate runoff in the period 2025–2100.The results obtained reveal 

that, compared to the historical value of annual average runoff (4.59 m³/s), the RCP scenarios project significant 

increases, with values greater than 12 m³/s under RCP 8.5 in the ACCESS1_0 model (12.59 m³/s) and RCP 8.5 

in MPI-ESM-MR (12.28 m³/s). However, the simulations under the CMIP6 framework present more moderate 

values. In particular, the SSP1-2.6 and SSP3-7.0 scenarios project gradual reductions towards the end of the 

century, reaching 9.43 m³/s and 8.09 m³/s respectively, the latter being the lowest value projected among all 

models. Figure 5 

 

Figure 5. Simulation of runoff under the climate scenarios examined. 

These projections are strongly influenced by changes in temperature and precipitation. According to climate 

simulations, the average annual temperature in the Huancané basin will increase progressively, reaching up to 

14 °C in the SSP3-7.0 – MPI ESM1 2 HR scenario towards the end of the century, while annual precipitation, 

although with great interannual variability, shows a slightly decreasing trend in several scenarios, especially in 

the SSP1-2.6 – ACCESS CM2 Table 5. This combination of higher temperature and lower precipitation 

generates conditions more prone to a decrease in surface runoff and water availability. Therefore, the models 

indicate that, although some scenarios could show temporary increases in runoff, towards the end of the century 

the water balance will tend to reduce. This could negatively affect the sustainability of water use for agricultural, 

domestic and ecosystem activities in the Huancané basin. 
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Table 6. Simulation of runoff and surface water under the climate scenarios examined. 

Model Scenario Period Water surface (𝑀𝑚3) Runoff (𝑚
3

𝑠⁄ ) 

 Base 144.88 4.59 

MPI_ESM_MR RCP 4.5 2025–2100 367.16 11.64 

MPI_ESM_MR RCP 8.5 2025–2100 387.36 12.28 

ACCESS1_0 RCP 4.5 2025–2100 367.16 11.64 

ACCESS1_0 RCP 8.5 2025–2100 396.93 12.59 

MPI-ESM1_2_HR SSP1-2.6 2025–2100 297.46 9.43 

MPI-ESM1_2_HR SSP3-7.0 2025–2100 319.33 10.13 

ACCESS_CM2 SSP1-2.6 2025–2100 273.78 8.68 

ACCESS_CM2 SSP3-7.0 2025–2100 255.28 8.09 

3.4. Simulation of percolation dynamics in the aquifer 

After evaluating the ability of climate models to simulate runoff, the behavior of percolation and groundwater 

recharge in the basin under historical conditions and future scenarios was analyzed. During the base period 

(1981–2016), groundwater recharge reached 559.22 Mm³ and estimated discharge was 335.53 Mm³ Table 7, 

values significantly higher than those projected in all climate scenarios for the period 2025–2100. The 

RCP_4.5_MPI_ESM_MR and RCP_8.5_MPI_ESM_MR models show a substantial decrease, with recharges 

of 231.63 Mm³ and 179.09 Mm³ respectively, while their estimated discharges stand at 138.98 Mm³ and 107.46 

Mm³. In contrast, the SSP scenarios show slightly higher values: for example, the SSP_2_6_MPI_ESM1_2_HR 

model projects a recharge of 259.36 Mm³ and a discharge of 155.69 Mm³. These reductions in groundwater 

recharge and discharge are associated with the decrease in projected precipitation, as observed in the climate 

change figures, as well as the sustained increase in annual temperature, which intensifies evapotranspiration and 

limits infiltration. The scenario with the greatest impact is the RCP_8.5_MPI_ESM_MR, which represents a 

context of high emissions and greater climate variability, with a total recharge of less than 180 Mm³. 

 

Figure 6. Simulation of aquifer percolation under the climate scenarios examined. 

Overall, the combination of lower precipitation and projected thermal increase compromises groundwater 

availability for the coming years, posing a major challenge for sustainable resource management. 
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Table 7. The simulation of aquifer percolation under the climate scenarios examined. 

Model Scenario Period Groundwater Recharge(𝑀𝑚3) 
Discharge 

(𝑀𝑚3) 

 Base 559.22 335.53 

MPI_ESM_MR RCP 4.5 2025–2100 231.63 138.98 

MPI_ESM_MR RCP 8.5 2025–2100 179.09 107.46 

ACCESS1_0 RCP 4.5 2025–2100 186.64 111.99 

ACCESS1_0 RCP 8.5 2025–2100 264.28 158.57 

MPI-

ESM1_2_HR 
SSP1-2.6 2025–2100 257.26 154.36 

MPI-

ESM1_2_HR 
SSP3-7.0 2025–2100 259.21 155.53 

ACCESS_CM2 SSP1-2.6 2025–2100 203.98 122.39 

ACCESS_CM2 SSP3-7.0 2025–2100 203.27 121.96 

 

3.5. Modeling of renewable water resources 

Based on data obtained from the SWAT model and synthesized in the Comparative Figure, it is evident that the 

volume of renewable water will decrease markedly towards the end of the twenty-first century (2025–2100) 

compared to the historical reference period (1981–2016). The greatest projected reduction is observed in the 

SSP3-7.0 - ACCESS-CM2 Figure 7 model, with a loss of more than 370 Mm³, reflecting a serious impact on 

water resources in this highly forcing scenario. Likewise, under the SSP1-2.6 - ACCESS-CM2 Table 8 scenario, 

the reduction also exceeds 360 Mm³, indicating that even under sustainable scenarios, the pressure on the water 

system will persist. 

 

Figure 7. Simulation of renewable water under the climate scenarios examined 

On the other hand, models such as RCP 4.5 - MPI-ESM-MR and RCP 4.5 - ACCESS1-0 show moderate 

reductions of around 220–240 Mm³, although they maintain a better performance in terms of water resilience. 

In all cases, the comparison shows that, over the next eight decades, renewable resources could be reduced by 

between 25% and 50%, depending on the model and the climate scenario, which would have direct 

consequences on the availability of water for human consumption, agriculture and ecosystems. 
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These findings reinforce the need to implement water adaptation measures and integrated resource management 

in the region evaluated, anticipating the adverse effects of climate change on the hydrological cycle. 

Table 8. Simulation of renewable water under the climate scenarios examined. 

Model Scenario Period 
Renewable Water 

(𝑀𝑚3) 

 Base 750.2521812 

MPI_ESM_MR RCP 4.5 2025–2100 494.6925056 

MPI_ESM_MR RCP 8.5 2025–2100 503.5839936 

ACCESS1_0 RCP 4.5 2025–2100 502.8694664 

ACCESS1_0 RCP 8.5 2025–2100 530.03123087 

MPI-

ESM1_2_HR 
SSP1-2.6 2025–2100 424.2332702 

MPI-

ESM1_2_HR 
SSP3-7.0 2025–2100 449.1450048 

ACCESS_CM2 SSP1-2.6 2025–2100 389.4019802 

ACCESS_CM2 SSP3-7.0 2025–2100 366.0784793 

3.6. Drought severity 

One of the main effects of climate change on the hydrological cycle is the appearance of extreme phenomena 

such as droughts. To evaluate its magnitude and impact on the analyzed basin, the standardized precipitation 

index (SPI) on an annual scale (SPI-12) was estimated for the period 1981–2016. SPI values below 0 were 

considered to indicate drought conditions, while values above 1 reflect significant wet periods. As can be seen 

in Figure 8, the interannual behavior of the SPI shows significant variability. Between 1983 and 1985, 

predominantly wet conditions were recorded, with maximum SPI values close to +2. However, the year 1991 

evidenced a severe drought with an SPI of -2.2, followed by a transitory recovery. Subsequently, in 1997, the 

most extreme drought of the period was recorded with an SPI of -3.4, coinciding with a strong El Niño event, 

which caused a negative impact on surface and groundwater resources. 

On the contrary, 1996 was a particularly wet year, with an SPI above +2.5, the highest value in the series. From 

2008 onwards, a new phase of recurrent drought was observed, highlighting the years 2010, 2014 and 2016, 

where the SPI remained below -1.5. In particular, 2016 closed with an SPI of -2.1, which represents a severe 

drought at the end of the period evaluated. In summary, the results show a trend towards intensification and 

frequency of dry events in the last two decades, which could be associated with changes in regional weather 

patterns and a decrease in water availability in the basin. 

 

Figure 8. Varamin Plain Standard Precipitation Index (SPI) Graph (1981–2016) 
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One of the expected effects of climate change in the Peruvian Altiplano is the increase in the frequency and 

intensity of droughts. To evaluate this phenomenon, the monthly Standardized Precipitation Index (SPI) for the 

period 2017–2050 was estimated, considering the MPI_ESM_MR and ACCESS models (in their different 

versions) under the RCP 4.5, RCP 8.5, SSP1-2.6 and SSP3-7.0 scenarios. Figure 9 Projected SPI shows a clear 

trend towards climate variability with alternating phases of humidity and drought. Under scenario 

MPI_ESM_MR - RCP 8.5, a marked drought is identified in the year 2028, where the monthly SPI drops below 

-2, indicating a severe drought. Likewise, the ACCESS1_0 scenario - RCP 8.5 reflects a prolonged decrease in 

the SPI between 2034 and 2037, reaching critical values close to -2.5. Similarly, in the SSP3-7.0 scenario with 

the ACCESS_CM2 model, the years 2041 and 2047 present extreme drought indices, which suggests an 

intensification of future water stress. 

The highest projected drought severity is presented in scenario MPI_ESM1_2_HR - SSP3-7.0 during the year 

2043, where the SPI falls below -2.8. This event could have substantial impacts on water recharge, agriculture, 

and ecosystems in the region, exacerbating challenges to sustainable water management. The evaluation of the 

number of dry years and their frequency reveals a greater recurrence of extreme events compared to the 

historical period, which reinforces the need to implement climate adaptation strategies and advance planning in 

the use of water resources. 

 

Figure 9. The SPI index for the period 2017–2050 under RCP and SSP climate scenarios (2017–2050) 

4. Discussions  

The results obtained by applying the SWAT hydrological model in the Huancané River basin provide a detailed 

view of how climate change could affect water resources in this region. Significant variability in surface runoff 

was observed under different emission scenarios. Specifically, the CMIP5 RCP 8.5 and RCP 4.5 scenarios 

indicate increases in runoff, while the CMIP6 SSP1-2.6 and SSP3-7.0 scenarios project a progressive decrease 

towards the end of the century. This disparity suggests that the severity of climate change and its impact on the 

hydrological cycle depend on both radiative forcing and underlying socioeconomic assumptions. The dynamics 

of the observed runoff respond mainly to two factors: the projected increase in temperature and the variability 
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in precipitation. In the most extreme scenarios, the thermal increase increases potential evapotranspiration, 

reducing the volume of water available for runoff and groundwater recharge. This result is consistent with 

previous studies in the Andes, where it has been documented that temperature increase has a more pronounced 

effect on water availability than variation in precipitation, due to the intensification of water stress in soils and 

lower infiltration efficiency[48]. In relation to groundwater recharge, the data show a significant reduction in 

all scenarios, with RCP 8.5 being the most critical. This finding is of great relevance, as it confirms the 

vulnerability of aquifers to climate change. Lower infiltration and percolation rates could lead to a lower 

availability of groundwater for agricultural and domestic use, which seriously compromises water security in 

rural areas of the Puno region. Previous research has warned that this type of impact is aggravated in basins 

with a predominance of baseflow and low surface runoff, conditions present in Huancané[47]. 

On the other hand, the analysis of the volume of renewable water reveals a generalized trend of decline towards 

the year 2100. This reduction exceeds 50% in the SSP3-7.0 scenario, which represents an alert about the possible 

adverse effects on the sustainability of ecosystems and the management of water demand. Although some 

moderate scenarios such as RCP 4.5 show less severe reductions, even in these cases the cumulative impact on 

the hydrological cycle will be considerable. The combination of water stress, population pressure and increased 

agricultural demand poses complex challenges for local and regional water planning authorities[49].The 

analysis of drought using the SPI index further reinforces this picture. The historical results show an 

intensification of droughts in recent decades, with severe events recorded in 1997 and 2016. Projections for the 

period 2025–2050 under RCP and SSP scenarios show a higher frequency and intensity of dry events, especially 

in the years 2028, 2034–2037 and 2043. This pattern of recurrent droughts poses a critical threat to subsistence 

agriculture, aquifer recharge, and the maintenance of minimal ecological flows [50]. 

In comparative terms, the CMIP6 models offer more conservative projections than those of CMIP5. However, 

the SSP3-7.0 scenario that assumes high emissions, accelerated population growth and low international 

cooperation turns out to be the most alarming in terms of water stress. On the other hand, the SSP1-2.6 scenario, 

associated with sustainable policies and a transition to clean energy, presents better projections, although it still 

shows signs of reduction in renewable and groundwater[51]. These results are in line with what was reported 

by the IPCC, which highlights that the impacts of climate change on water resources are highly sensitive to the 

type of socioeconomic trajectory adopted at the global and regional levels [8]. The usefulness of the SWAT 

model was evidenced not only in the ability to simulate complex hydrological processes with scarce data, but 

also in its adaptability to incorporate corrected climate projections. The combined use of satellite data, bias 

correction tools and automatic calibration allowed to obtain robust simulations, validated with R² coefficients 

greater than 0.80. This level of accuracy is comparable to that of similar investigations in basins of the 

Ecuadorian and Colombian Andes [52]. 

Climate projections carry a high degree of uncertainty due to variability among Global Climate Models (GCMs), 

the range of emission scenarios (such as RCPs or SSPs), downscaling methods, and natural climate variability. 

These sources of uncertainty are especially relevant in mountainous regions like the Huancané River basin, 

where complex topography and limited data availability hinder the accuracy of estimates. GCMs differ in how 

they simulate key processes such as precipitation and temperature, while downscaling can introduce additional 

biases. Furthermore, phenomena like the El Niño–Southern Oscillation (ENSO) generate interannual 

fluctuations that may obscure long-term trends projected by climate models. 

On the other hand, hydrological models used to assess the impacts of climate change also incorporate simplified 

assumptions that affect their predictive capacity. Most of these models assume stationary relationships between 

climatic and hydrological variables, overlooking possible changes in system responses under new climate 

conditions. Parameter calibration using historical data—often scarce or imprecise in the Andes—introduces 

further uncertainty. Additionally, key factors such as glacier retreat and land use change are not always 

dynamically integrated. Therefore, it is recommended to use ensemble modeling approaches, sensitivity 

analyses, and uncertainty quantification methods to provide more robust projections that support sustainable 

water management in the Huancané River basin. 

5. Conclusions  

Climate change in surface runoff, percolation, aquifer recharge and renewable water resources in the Huancané 

basin of the Peruvian Andean highlands, during the period 2025–2050, using the SWAT hydrological model 

and projections of the RCP 4.5, RCP 8.5, SSP1-2.6 and SSP3-7.0 climate scenarios. The results showed that 

under severe scenarios such as SSP3-7.0, surface runoff will decrease considerably, reaching only 8.09 m³/s, 
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compared to the 12.59 m³/s projected in RCP 8.5. The recharge of aquifers, which in the base period was 559.22 

Mm³, will fall to 179.09 Mm³, and the volume of renewable water will be reduced by 51.2%, from 750 Mm³ to 

366 Mm³. In addition, the average annual temperature in the basin is projected to reach 14 °C by the end of the 

21st century, intensifying evapotranspiration processes and reducing water availability. The analysis of the SPI 

index reveals a trend towards more frequent and severe droughts during the period 2025–2050 in all the 

scenarios evaluated. These results show that the thermal increase and the decrease in precipitation will be 

determining factors in the reduction of surface and groundwater resources. The SWAT model proved to be an 

effective tool for estimating these impacts, generating useful inputs for adaptive planning. If water adaptation 

measures, such as reforestation, storage, irrigation efficiency, and institutional strengthening, are not 

implemented, the sustainability of water resources in the Huancané basin could be seriously compromised by 

the end of the century. This knowledge must be integrated into water management decisions in high Andean 

regions vulnerable to climate change. 

To enhance resilience to the projected hydrological impacts of climate change in the Huancané River basin, 

water management strategies must incorporate both socioeconomic factors and land use changes. Rapid 

population growth, agricultural intensification, and increasing water demand can intensify pressure on already 

stressed water systems, particularly during prolonged droughts. Additionally, land use changes such as 

deforestation, overgrazing, and urban expansion can reduce infiltration, degrade watersheds, and alter natural 

hydrological responses. Adaptive measures should include decentralized water storage infrastructure, efficient 

irrigation technologies, sustainable land use planning, and the integration of climate indicators like the SPI into 

early warning systems. Strengthening local water governance, enhancing hydrometeorological monitoring, and 

involving local communities in decision-making processes are also key to ensuring equitable and sustainable 

water use in a changing climate. 

To enhance resilience against the projected hydrological impacts of climate change, it is essential to implement 

adaptive water management strategies in the Huancané River basin. These should include the development of 

decentralized water storage systems to buffer seasonal shortages, the promotion of efficient irrigation 

technologies to reduce water losses, and the integration of climate data—such as SPI-based drought forecasts—

into early warning and decision-making systems. Strengthening local water governance, investing in 

hydrometeorological monitoring networks, and incorporating community-based adaptation approaches can 

further support sustainable water use. Additionally, long-term planning must consider glacier retreat and shifting 

precipitation patterns to ensure equitable and reliable water supply for all sectors. 
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