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Abstract: The rapid increase in Water Temperature Rivers (WTR) observed globally in recent decades and projections for the coming 

decades under climate change scenarios make water temperature prediction essential to assess changes in aquatic biota. Statistical 

models for stream temperature prediction have been widely used because they are computationally simple, involve few parameters, 

and because of their relatively good accuracy. However, these models have not been evaluated in Peruvian Andean rivers. This work 

evaluates the main water temperature statistical models from the literature and fits them with data recorded in the Ichu River 

experimental watershed, Huancavelica-Peru. Three well-known models were reviewed: the Stefan & Preud’homme linear regression 

model and the Mohseni & Stefan 3- and 4-parameter logistic regression models. Ichu river water temperatures were simulated using 

the SWAT (Soil and Water Assessment Tool) hydrometeorological model, which defaults to the Stefan & Preud’homme model. 

Modifications and adjustment of coefficients of the evaluated models were configured in the SWAT code using the “Latin Hypercube 

Sampling” technique. The evaluated models showed poor performance in predicting the water temperature in the Ichu River with NSE 

(Nash-Sutcliffe Efficiency) values ranging from -2.6 to 0.49, while the modified models showed NSE values of 0.72 in all three cases. 

Findings suggest that the statistical models shown in the literature should be validated for Andean rivers. 
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1. Introduction 

The rapid increase in WTR (Water Temperature in 

Rivers) observed globally in recent decades and 

projections for the coming decades under climate 

change scenarios make water temperature prediction 

essential to assess changes in aquatic biota. Stream 

temperature as a key parameter of water quality is the 

main indicator and driver of the aquatic ecosystem and 

is strongly related to other water quality parameters, 

such as dissolved oxygen, salinity, pH, among others 

[1, 2]. Significant changes in stream temperature above 

natural ranges can cause death and/or migration of 

endemic species and the potential rise of exotic species 

that could lead to an ecological imbalance [3]. Increments 

in stream temperature of 1 to 2 °C combined with 
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altered hydrologic regimes could be lethal for the 

physiological function of fish [4]. In addition, elevated 

stream temperatures can accelerate natural chemical 

reactions, release excess of nutrients, increase the 

solubility of heavy metals like cadmium and zinc, 

which are toxic for the aquatic ecosystem, reduce the 

dissolved oxygen levels, reduce the pH, increase the 

conductivity, among others [5]. Deployed water quality 

affects not only the aquatic ecosystem but also society 

in terms of health and economy. In health, individuals 

in contact with polluted water can get skin diseases. In 

economics, the treatment of poor-quality water 

demands a higher cost that is ultimately assumed by the 

community. 

In the context of climate change, predictions 

estimate that stream temperature will continue to rise, 
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not only due to the increment of air temperature which 

has a direct effect on stream temperature, but also due 

to human activities such as the increase of effluents, 

implementation of barriers, changes in land use, and 

overexploitation of water resources [4, 6-9]. Global 

predictions of stream temperature rise indicate high 

increases in the US, Europe, East of China, and some 

regions of South America [9-11]. Global projections 

derived from global climate models of CMIP3 

(Coupled Model Intercomparison Project Phase 3) and 

CMIP5 for RCPs (Representative Concentration 

Pathways) of 4.5 and 8.5 indicate increases in air 

temperature in +1.7 and +6.7 °C in South America [12]. 

These air temperature increases and consequently, 

stream temperature increase, could sharpen even more 

issues within the aquatic ecosystem. For instance, at the 

global level, the freshwater fish population has 

decreased on average by 76% in the last 50 years due 

to poor conditions. These include elevated stream 

temperatures, river barriers and overexploitation. In 

South America, this population reduction is even more 

worrying, with a reduction of 84% in the fish 

population during the same period [13]. 

The rise in stream temperature in recent decades has 

increased the interest of the scientific community in 

developing predictive models and mitigation measures. 

These models, mainly classified as mechanistic and 

statistics, vary from simple to complex, involving few 

to several variables, from fractions of hours to annual 

time step scale, and from local to regional space scale 

[7, 14]. Mechanistic models are numerical models 

based on physics that involve concepts of water and 

energy balance processes, while statistical models 

establish functional relationships between stream 

temperature and meteorological and physical variables 

of the watershed [15-17]. Statistical methods differ 

from mechanistic methods by their simplicity and 

fewer predictor variables. Within the statistical 

methods of daily scale, we have the linear model of 

Stefan [18], non-linear model of 3 and 4 parameters of 

Mohseni [19]. More complex statistical models involve 

autocorrelation components [20], multiple linear 

regression models, generalized additive models, and 

linear mixed models (Donato, 2002 [3, 21]. With fair 

accuracy, these models were primarily tested and 

calibrated on rivers in the United States. In contrast, 

stream temperature of the South American Andes’ 

rivers has been studied to a much lesser extent than the 

rivers of other regions of the world. The Andes 

significantly interrupt atmospheric circulation, 

generating singular climate conditions along the 

eastern and western slopes and in adjacent valley areas 

[22]. In these peculiar conditions, it is necessary to 

review the stream temperature prediction equations 

presented in literature. In this work, the main statistical 

models for stream temperature prediction (the Stefan  

& Preud’homme linear model and the Mohseni & 

Stefan logistic models of 3 and 4 parameters)       

are evaluated and adjusted for the Ichu River, located 

in the Huancavelica region of the Peruvian Andes. This 

paper portrays an evaluation of the main statistical 

models for stream temperature prediction, applied to 

the IREW (Ichu River Experimental Watershed) 

located in the Peruvian Andes. After evaluating, this 

work also adjusted the coefficients of the Stefan & 

Preud’homme linear model and of the Mohseni & 

Stefan logistic models of 3 and 4 parameters with   

the daily stream temperature registered in the Ichu 

River. 

2. Materiales and Methods  

2.1 Study Area 

The IRW (Ichu River Watershed), located in the 

central highlands of Peru, is part of the Mantaro River 

watershed that contributes to the Amazon (Fig. 1). The 

IRW is characterized by its high mountains and narrow 

valleys typical of the South American Andes. The 

highest peaks have permanent glaciers throughout the 

year that maintain permanent flows in the various 

streams and tributary rivers of the Ichu River. The 

watershed drainage area at the Huancavelica station is 

615.8 km2.  
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The IREW shows varied land uses classified into ten 

types, of which the most representative are Andean 

grasslands and coastal and Andean agriculture. Land 

uses with smaller extensions are wetlands, high Andean 

areas with little or no vegetation, matorrals, ponds, 

glaciers, and urban areas [23, 24]. The IRW is mainly 

dominated by three types of soils: recent alluvial soils 

carried by rivers, deep old alluvial soils of low natural 

fertility, and residual soils formed by heterogeneous 

materials from the tertiary and quaternary (shales, 

siltstones, sandstones, and gravels) [25]. 

2.2 Data Collection and Processing 

The Ichu River stream temperature was monitored in 

the section of the river 600 m upstream from the 

Huancavelica station, away from the influence of the 

two hot spring point sources located 350 and 365 m 

upstream from the Huancavelica station (Fig. 2). 

Temperatures were recorded three times a day (7-8 am, 

12-1 pm and 5-6 pm) for a period of 16 months between 

01/01/2000 and 04/30/2021. The three measurements 

were averaged and set as mean daily temperature. Daily 

temperatures show a mean of 11.27 °C (SD = 1.16 °C) 

over a range of 7.40 to 14.35 °C. Low temperatures 

were mainly observed in winter (June, July and August), 

while high temperatures were observed mainly in 

summer (November to March). 

Daily records of precipitation and air temperature 

were available at six meteorological stations at IREW 

in the period from 01/01/2016 to 12/31/2021 (Fig. 1). 

This information was input into the SWAT (Soil & 

Water Assessment Tool) model for flow calibration 

purposes and subsequent water temperature simulation. 

Precipitation records show heavier rains in summer 

(December-April) and mild rains in winter (June-

September). Regarding air temperature, high 

temperatures are shown between December and March 

and low temperatures between May and September. 
 

 
Fig. 1  Top left, location of Huancavelica department in Perú, Bottom left, location of IRW in the Huancavelica department; 

Right: streams, sub-basins, weather, and streamflow stations of the IRW.  

This map is also available in an online version at https://noayarae.github.io/whis/projects/ichu_map.html. 

 

https://noayarae.github.io/whis/projects/ichu_map.html
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Fig. 2  Water temperature monitoring sites in the Ichu River (E1 and E2) and at the mouth of two thermal water tributaries 

(E3 and E4). 
 

The topographic data were obtained from the DEM 

(Digital Elevation Model) which was retrieved from the 

NASA (National Aeronautics and Space 

Administration) Earth data repository [26] in raster 

format of 12.5 × 12.5 m cell size. The land use data 

corresponded to the Landsat 4 and Landsat 7 satellite 

measurements from 2010, obtained from the United 

Nations Land Cover Map (Globe land 30-NGCC) 

database (United Nations, 2021) in raster format of 30 

× 30 m cell size. Soil information was obtained from 

the “Food and Agriculture Organization of the United 

Nations” database [27] in raster format of 500 × 500 m 

cell size. 

The Ichu River flow is measured at the Huancavelica 

station (Fig. 1) (Lat.: -12.7893°, Long.: -74.9791°). 

Daily flow data were available for the period from 

01/01/2016 to 12/31/2021, of which the first two years 

were used for warming up the SWAT model and the 

following years for model calibration and validation. 

The flow average in this period was 3.26 m3/s (SD = 

15.69 m3/s). High flows were registered from 

December to February and low flows from June to 

September. 

2.3 Flow and Stream Temperature Modeling 

2.3.1 Flow Modeling 

Flow and water temperature modeling were conducted 

using the SWAT 2012 [28, 29]. For this purpose, the 

IRW was divided into fourteen sub-basins, with areas 

ranging from 5.38 km2 to 136.20 km2. After setting the 

DEM into the SWAT model, the topographic slope was 

calculated and classified into four ranges (0-5%, 5%-

15%, 15%-30%, and > 30%). After entering the land 

use and soil data into the SWAT model, the IRW was 

divided into 58 HRUs (Hydrologic Response Units), 

which are the basic SWAT analysis units. HRUs are 

portions of areas that have a unique combination of 

topographic slope, land use, and soil type. To avoid 

forming very small HRUs, HRUs with area portions 

less than 10% of the sub-basin were aggregated to 

neighboring HRUs [28]. Other considerations in the 

SWAT model were curve number method for runoff 



Review of Statistical Water Temperature Models for a Peruvian Andean River 

 

159 

 

 
Fig. 3  Flowchart of Ichu River stream temperature simulation using the SWAT model. 
 

estimation, variable storage method for flow runoff, no 

agricultural drainage, no reservoirs, no ponds, no 

wetlands, and no farming operations. Then, the 

streamflow was simulated on a daily time step from 

01/01/2016 to 12/31/2021. The model calibration and 

validation were conducted at the Huancavelica station. 

2.3.2 Stream Temperature Modeling 

The Ichu River stream temperature was simulated 

using the SWAT water temperature sub-model, which 

by default uses the linear model of Stefan & 

Preud’homme [18, 29] with the air temperature as the 

only predictor. The evaluation period was from 

01/01/2000 to 04/30/202. Fig. 3 shows the flow chart 

of streamflow and water temperature simulation using 

the SWAT model. 

2.4 Stream Temperature Models 

Statistical water temperature models evaluated in 

this work were the linear model of Stefan & 

Preud’homme [18] and the logistic (no-linear) model of 

three and four parameters (3P, 4P) of Mohseni & Stefan 

[19] that consider the air temperature as the only 

predictor. The Stefan & Preud’homme [18] model for 

daily temperatures is given by Eq. (1). 

𝑇w = 𝑎 + 𝑏 𝑇air (1) 

where Tair and Tw are the air and water temperature 

in °C, respectively, and a = 5.0 and b = 0.75. This 

equation was calibrated and used in several rivers of the 

Mississippi River Basin with satisfactory results in 

moderate ranges of air temperature. However, in very 

cold and very hot regions, the air temperature-water 

temperature relationship does not follow a linear 

relationship but takes the form of S [19]. Stream 

temperature non-linear models [19, 20, 30] are given 

by: 

𝑇𝑤 =
𝛼

1 + 𝑒  𝛾(𝛽−𝑇𝑎𝑖𝑟)
 (2) 

𝑇𝑤 = µ +
𝛼 − µ

1 + 𝑒  𝛾(𝛽−𝑇𝑎𝑖𝑟)
 (3) 

where α is the coefficient that determines the upper 

limit of stream temperature, β is the coefficient that 

determines the inflection limit of the logistic function, 

γ is the coefficient that represents the steepness of the 

slope of the function, and µ is the coefficient 

representing the lower limit of the water temperature. 

3. Results and Discussion 

3.1 Flow Calibration 

The daily streamflow calibration was conducted 

using the SUFI-2 algorithm within the SWAT-CUP 

software [31]. The NSE (Nash Sutcliffe Efficiency) 

value for the calibrated flow model was 0.61; and    

the PBIAS (Percentage of Bias) was 7.4%. The NSE 

value is consistent with calibrations conducted in other 

watersheds [28, 32], in which the NSE value for flow 

calibration was in the range of 0.58 and 0.98 and the 

PBIAS was less than 10%. The calibrated parameters 
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and the observed and calibrated flow at the Huancavelica 

station are shown in Table S1 and Figure S1 of the 

supplementary material accompanying the article. 

3.2 Stream Temperature Simulation 

Simulation of the Ichu River stream temperature 

using the Stefan & Preud’homme linear model in the 

SWAT showed values above the observed stream 

temperatures. While the average of the observed 

temperatures was 11.27 °C, the average of the 

simulated temperatures was 13.46 °C. Simulated water 

temperatures show an NSE value of -2.67, Pearson’s 

coefficient of 0.85, RMSE (Root Mean Square Error) 

of 2.24, and PBIAS of 18.9%. Despite the high  

Pearson coefficient indicating that the model is relevant 

in representing the behavior of the observed water 

temperature, the model is not capable of representing 

the mean of the observed water temperature (Fig. 4). 

Simulated stream temperatures using the Mohseni & 

Stefan nonlinear model of 3P  and 4P showed NSE 

values of 0.33 and 0.49, respectively. Although this 

model improved the stream temperature predictions, 

the NSE values are still relatively low.  

3.3 Linear Model for the Ichu River 

The SWAT water temperature sub-model code 

version rev.681 [33] was modified by replacing the two 

fixed coefficients of the Stefan & Preud’homme 

equation [18] with two variables. Following the Latin 

Hypercube Sampling criterion [34], 500 samples of 

pairs of the Stefan & Preud’homme equation’s 

coefficients (a and b, Eq. (4)) have been generated, in 

the neighborhood of the default values to perform 500 

simulations. These coefficients converged in a = 4.18 

and b = 0.63. Details of the convergence are available 

as Supplementary Material accompanying the article. 

With these coefficients, the values of NSE, Pearson’s 

coefficient, RMSE and PBIAS obtained were 0.72, 

0.85, 0.62 and 0.1%, respectively, which are 

considerably higher than the corresponding values 

obtained using the default Stefan & Preud’homme 

equation. Fig. 5 shows the Ichu River stream 

temperature simulated with the modified Stefan & 

Preud’homme equation. 

3.4 Nonlinear Model for the Ichu River 

The two nonlinear models of Mohseni & Stefan (3P 

& 4P) [19] were also implemented in the water 

temperature sub-model of the SWAT code version 

rev.681. Using the Latin Hypercube Sampling criterion 

[31], 500 samples of three variables (α, β and γ) and 

four variables (α, β, γ and µ) were generated for the 3P 

and 4P models, respectively (Eqs. (2) and (3)). In the 

3P model, the α, β and γ coefficients converged to 28.93, 

16.05 and 0.093, respectively. With these coefficients, 

the values of NSE, Pearson’s coefficient, RMSE and 

PBIAS obtained were 0.715, 0.85, 0.62 and 0.2%, 

respectively. 

Similarly, in the 4P model, the coefficients α, β, γ and 

µ converged to 30.04, 17.08, 0.097 and 0.669, 

respectively. With these coefficients, the NSE, 

Pearson’s coefficient, RMSE and PBIAS were 0.714, 

0.85, 0.62 and 0.34%, respectively. Details of the 3P 

and 4P model parameters’ convergences and simulated 

stream temperatures are available as Supplementary 

Material accompanying the article. 

3.5 Performance of Statistical Models 

The performance of the three statistical models 

evaluated, as well as the fitted models (modified 

models) together with the observed water temperature, 

is shown in Fig. 6. The observed water temperature 

shows the effect of seasonal hysteresis between air and 

water temperatures. This could be due to the influx of 

uncontrolled flows, such as hot springs and spring 

thaws, which make the river temperature cooler during 

this period than a similar air temperature during the fall 

[35]. 

Regarding the evaluated models, the default Stefan 

& Preud’homme model shows an overestimation of the 

water temperature of the Ichu River even above the 

hysteresis. Although this model manages to maintain a 
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Fig. 4  Performance of the default Stefan & Preud’homme linear model in the Ichu River stream temperature simulation. 
 

 
Fig. 5  Performance of the modified Stefan & Preud’homme linear model in the Ichu River stream temperature simulation. 
 

Table 1  Evaluation and calibration statistics for the original and modified statistical water temperature models for the Ichu 

River. 

Performance 

parameters 

Stefan & Preud’homme Mohseni & Stefan 3P 4P Stefan & Preud’homme Mohseni & Stefan 3P 4P 

Default models Modified models 

NSE -2.67 0.33 0.49 0.72 0.72 0.72 

R 0.85 0.85 0.85 0.85 0.85 0.85 

RMSE 2.24 0.96 0.84 0.63 0.62 0.62 

PBIAS 18.90 -3.64 0.47 0.14 0.23 0.34 

 

similar slope to the observed data, it does not manage 

to preserve the mean. On the other hand, the Mohseni & 

Stefan default nonlinear models show better performance 

than the linear model, with PBIAS coefficients in 

accepted good fit ranges (PBIAS < 10%) in Table 1. 

However, these nonlinear models show a different 

trend to the observed data, with significantly different 

slopes (p = 0.49). These models achieved relatively 

good prediction over a small range of the air temperature 

(11-13 °C); however, for high air temperature records, 

predictions are overestimated, while for low air 

temperatures, they are underestimated (Fig. 6). 
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Fig. 6  Prediction of the water temperature for the Ichu River using the default and modified model of Stefan & Preud’homme 

and the Mohseni& Stefan model of 3P and 4P. 
 

The modified statistical models with fitted 

coefficients for the Ichu River generally performed 

better than their corresponding ones. The performance 

coefficients among the modified statistical models 

were quite similar as shown in Table 1. 

4. Conclusions 

This article portrays an assessment of the main 

statistical water temperature models applied to the IRW 

in the Peruvian Andes. The linear model of Stefan & 

Preud’homme, used by default in the SWAT, and the 

non-linear models of Mohseni & Stefan with 3 and 4 

parameters were reviewed. Modifications of these 

statistical models for the Ichu River were configured in 

the SWAT code and the corresponding coefficients 

were identified using the Latin Hypercube Sampling 

technique. 

Findings showed that the default linear model of 

Stefan & Preud’homme overestimates the water 

temperature in this part of the Peruvian Andes, despite 

showing a good representation of variability. Therefore, 

this work suggests fitting new linear model parameters 

for the Ichu River. The fitted linear model for the Ichu 

River (modified model) showed a relevant 

representation of both the mean and the variability of 

the observed water temperature. The non-linear models 

of Mohseni & Stefan of 3P and 4P fitted to the Ichu 

River also showed a relevant representation of the mean 

and variability of the water temperature. Overall, the 

modified statistical models for the Ichu River 

outperformed the default models. However, the 

modified model of Stefan & Preud’homme could be 

recommended as it is simple with fewer parameters. 

Although linear and non-linear statistical models for 

water temperature have been well studied in various 

rivers around the world, they have not been verified in 

rivers of the South American Andes. In this line, this 

study contributes to the understanding of the 

relationship between air and water temperature of the 

Ichu River in the Peruvian Andes. However, findings 

of this study are limited to the ranges used here, as well 

as the Ichu Rive characteristics. Future research should 
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continue exploring larger temperature ranges to 

develop a broad and general understanding of the air-

water temperature relationship in the Peruvian Andes. 

Within this region, it is also suggested to evaluate other 

water temperature models using more predictors to 

improve accuracy. Finally, it is also recommended to 

continue and expand water temperature monitoring in 

several rivers in the South American Andes, which are 

vulnerable to climate change. 
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