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A B S T R A C T   

Tropical montane cloud forests (TMCF) are threatened ecosystems despite their capacity to maintain high dry- 
season baseflow. A number of conservation policies, including payments for hydrological services, have been 
implemented to protect these forests. However, since most of the modeling tools used to assess the impacts of 
these policies were developed for temperate zones, more work is needed to understand and improve the 
applicability of popular models in tropical contexts. This study uses local evapotranspiration and streamflow 
datasets to calibrate and validate an improved version of the Soil and Water Assessment Tool model for the 
Tropics (SWAT-T). Vegetation growth and canopy water storage capacity were calibrated using field data. Three 
methods provided by SWAT-T to calculate potential evapotranspiration (PET) were compared: Penman-Monteith 
(SWAT-T-PM), Hargreaves (SWAT-T-HA), and Priestly-Taylor (SWAT-T-PT). Sensitivity analysis and calibration 
of daily streamflow were conducted at the catchment scale (34 km2). Furthermore, the calibrated models were 
validated at three sites with evapotranspiration data, and at four distinct micro-catchments (0.137–0.446 km2) 
with gauged streamflow data. Overall, SWAT-T satisfactorily simulated streamflow during the calibration period 
producing acceptable goodness of fit indices. However, the model incorrectly predicted the dominance of lateral 
flow instead of the deep groundwater flow observed from isotope-based studies. SWAT-T-HA performed better 
than SWAT-T-PM and SWAT-T-PT, but all models underestimated the influence of rainfall interception losses 
since evaporation is limited by daily PET in forests. Finally, SWAT-T largely over- and underestimated mean 
annual daily low flow in pastures and forests, respectively. Taken together, these results indicate that im
provements in the parametrization of rainfall interception and deep subsurface flow dynamics in SWAT-T are 
required to improve applicability of this modeling tool in tropical montane areas underlain by permeable 
substrates.   
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1. Introduction 

Integrating scientific knowledge into hydrological models is key for 
scaling up and improving catchment policy design (Naeem et al., 2015; 
Wright et al., 2018). Hydrological models have been used to assess the 
efficiency of management schemes for conserving hydrological services 
(Quintero et al., 2009; Bremer et al., 2020). Nonetheless, in most cases, 
models are calibrated using only statistical criteria, comparing model 
output to stream gauge data at catchment outlets, largely due to the lack 
of adequate data for other hydrological processes (Arnold et al., 2015; 
Hrachowitz et al., 2014). This issue remains a major challenge in hy
drology, especially in tropical montane areas characterized by high loss 
of forested area, limited data to constrain ecohydrological processes, less 
suitable modeling tools, and high spatial variability in climate, vegeta
tion, and soils (Hansen et al., 2013; Hamel et al., 2017; Wright et al., 
2018). Better understanding and modeling of hydrological responses 
with a focus on the incorporation of local datasets for multiple sites and 
processes in tropical montane settings is key to the effective imple
mentation, monitoring, and success of conservation policies (López- 
Ramírez et al., 2020; Guswa et al., 2014). 

The Soil and Water Assessment Tool (SWAT) is a process-based, 
continuous daily hydrological model that allows the simultaneous 
simulation of hydrology and plant growth (Arnold et al., 1998; Heidari 
et al., 2019). In SWAT, a basin is partitioned into sub-basins, which in 
turn are subdivided into hydrological response units (HRUs) that 
represent a unique combination of land use, soil type, and slope class 
(Neitsch et al., 2011). SWAT includes five storage types to calculate the 
water balance: snow, the canopy, the soil profile, and the shallow and 
deep aquifers (Neitsch et al., 2011). SWAT uses empirical Potential 
Evapotranspiration (PET) methods to estimate actual ET, including the 
temperature-based Hargreaves (HA) (Hargreaves and Samani, 1985), 
radiation-based Priestley-Taylor (PT) (Priestley and Taylor, 1972), and 
the combined energy-mass transfer Penman-Monteith (PM) (Monteith, 
1965) methods. A comprehensive outline of ET calculations in SWAT is 
presented by Abiodun et al. (2018). The literature suggests that different 
methods perform better under certain climatic conditions, especially in 
data-scarce regions (i.e., Alemayehu et al., 2015; Samadi, 2017). 
Moreover, while the PET is a commonly used index in estimating ET, 
forest PET values at the landscape level are often indirectly estimated 
using models that were developed for short crops and under specific 
climatic conditions (Lu et al., 2005), and more work is needed to better 
understand their applicability in tropical montane regions (Archibald 
and Walter, 2013). 

Applications across a wide range of topographic, soils, and land use 
conditions have demonstrated the broad utility of SWAT for simulating 
streamflow responses (Francesconi et al., 2016; Shrestha et al., 2018; 
Van Liew et al., 2007; Quintero et al., 2009; Francesconi et al., 2016; 
Tuppad et al., 2010; Plesca et al., 2012), including in Tropical montane 
cloud forests (TMCF) in Mexico, underlain by impermeable soils with 
high dominance of surface runoff (Salas-Martínez et al., 2014; Sánchez- 
Galindo et al., 2017). However, most model evaluations have relied only 
on statistics comparing simulated and measured flow at the outlet 
(Arnold et al., 2015). A recent introduction of signature metrics for 
different parts of the flow duration curve has shown that it is possible to 
achieve a balanced hydrograph with the SWAT model (Haas et al., 2015; 
Pfannerstill et al., 2014). Nonetheless, calibrating SWAT simultaneously 
for very high and very low flows is still challenging (Shrestha et al., 
2018; Pfannerstill et al., 2014). Assessing and improving the applica
bility of the SWAT model across the spectrum of catchment character
istics (e.g., substrate permeability, streamflow generation mechanisms) 
present in tropical montane areas requires more thorough calibration 
procedures and multi-site validation with ancillary data and local un
derstanding of the main water budget components. 

Recently, Strauch and Volk (2013) and Alemayehu et al. (2017) 
suggested improvements to SWAT to better represent vegetation growth 
in tropical areas (SWAT-T) and hence improve water balance 

simulations. SWAT assumes that vegetation enters a dormant period at 
the end of each growing season (i.e., during the autumn and winter), at 
which point the Leaf Area Index (LAI) is set to a minimum value close to 
zero (Neitsch et al., 2011). LAI is assumed to decline linearly to its 
specified minimum when leaf senescence exceeds leaf growth (Neitsch 
et al., 2011). These assumptions do not realistically represent the sea
sonal dynamics (phenology) of foliage in the tropics in general or in the 
study area in particular (Williams-Linera, 1999; Alemayehu et al., 
2017), since many tropical plant species exhibit drought-controlled 
dormancy or continuous growth throughout the year (Strauch and 
Volk, 2013). In SWAT-T the plant growth subroutine was modified to 
better represent the phenological patterns encountered at low latitudes 
(20◦ N to 20◦ S; Alemayehu et al., 2017). SWAT-T incorporates the lo
gistic decline curve to model leaf senescence as suggested by Strauch 
and Volk (2013). Additionally, in this model, the beginning of the new 
growth cycle for trees and perennials is triggered by a Soil Moisture 
Index, which occurs within a period defined by the user as the months at 
the end of the dry season (SOS1) and the beginning of the rainy season 
(SOS2). Results from Alemayehu et al. (2017) in the Mara Basin (Kenya/ 
Tanzania) showed that SWAT-T achieved higher correlations between 
observed and simulated LAI than the standard SWAT and improved the 
simulation of evapotranspiration and streamflow of the studied period 
by around 12%. As SWAT-T has not been evaluated in other contexts, we 
sought to apply this model in areas characterized by TMCF. 

In this study, we calibrated and validated the SWAT-T model to 
simulate discharge and evapotranspiration in areas influenced by TMCF 
located in Central Veracruz, Mexico. We hypothesize that by contrasting 
calibrated SWAT-T models (using local vegetation and ecohydrological 
parameters, such as LAI and canopy storage capacity) against hydrologic 
observations (e.g. streamflow and evapotranspiration), we can identify 
model strengths and areas of improvement for analyzing the water 
budget response in these environments. Specifically, (a) we validate 
calibrated SWAT-T models with local evapotranspiration data in three 
sites, with a focus on the performance of the PET methods available in 
the model, (b) we assess the accuracy of the SWAT-T model to simulate 
streamflow at the outlet of the Gavilanes catchment (34 km2), and (c) we 
validate the calibrated SWAT-T models with streamflow observed in 
four nested micro-catchments (0.137–0.446 km2) within the study area. 
Two particularly novel aspects of our work are that (1) it validates the 
SWAT-T model with evapotranspiration and streamflow data at HRU 
level in areas with contrasting land covers and that (2) it identifies areas 
for improving the applicability of SWAT-T for science and policy ap
plications in tropical montane areas underlain by permeable soils. 

2. Material and methods 

2.1. Study site 

The research was carried out in the Gavilanes catchment (34 km2) 
and four micro-catchments (0.137–0.446 km2) located within the 
catchments of the Pixquiac and Gavilanes rivers (106 and 34 km2, 
respectively), which are tributaries of the upper Antigua River basin 
(1565 km2). The Gavilanes catchment is the main source of water for the 
city of Coatepec, Veracruz, Mexico (García et al. 2004), while the Pix
quiac catchment provides 38% of the water supply for the Veracruz state 
capital of Xalapa (Paré and Gerez, 2012); numerous water extractions 
upstream of the gauging station in the Pixquiac river prohibited the 
inclusion of this catchment in our analysis. The Gavilanes catchment 
was originally dominated by TMCF and is located in central Veracruz, 
Mexico. Elevations in the catchment range from 1226 m a.s.l. to 2962 m 
a.s.l. (Fig. 1). Its general climate is temperate humid (Garcia, 2004) with 
about 80% of the annual rainfall occurring during the wet season (May- 
October). Mean annual rainfall ranges from 1385 mm to 3185 mm and 
1900 mm as elevation increases from 1210 m a.s.l. to 2100 m a.s.l. and 
3000 m a.s.l., respectively. Mean daily temperatures decreases from 19◦

to 5 ◦C from 1200 to 3000 m.a.s.l. (Muñoz-Villers et al., 2016). Annual 
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values of cloud water interception account for<2% of the total rainfall in 
the region (Holwerda et al., 2010). 

We selected micro-catchments based on the dominance of four land 
use/land cover (LULC) types within each micro-catchment, (see the 
LULC map in Fig. 1b) including mature forest (MF), intermediate forest 
(IF), shade coffee (SC), and pasture (IP). Together, these four LULC types 
comprise around 70% of LULC in this study area (Von Thaden et al., 

2019) with much of the remaining area covered by pine forest (PI). A 
detailed description of the characteristics of the micro-catchments is 
provided in Table 1, and more details can be found in López-Ramírez 
et al. (2020). 

The MF micro-catchment is dominated by old-growth TMCF (>50 
years old) with low disturbance. IF is mainly covered by 40-year-old 
TMCF (>77% of the area) and scattered pastureland and annual crops 

Fig. 1. General location (a), the study area, including the Gavilanes and Pixquiac catchments (b), and four micro-catchments with different land use: mature forest 
(MF), intermediate forest (IF), shade coffee (SC), and pasture (IP) (c). The map includes sites where the leaf area index and evapotranspiration were observed. Land 
use in (b) may look different than (c) because in the micro-catchments land use was refined with Rapid Eye imagery. 
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(mainly maize) located in the upper parts of the catchment. The mean 
tree height in these two micro-catchments is similar and ranges between 
20 and 25 m (Vizcaíno-Bravo et al., 2020). They also have a similar 
mean leaf area index (LAI), see Table 1. The SC micro-catchment has 
been completely covered by shade coffee agroforestry for>80 years 
(Marín-Castro et al., 2016), with 94% of the land area dominated by this 
land cover. This production system retains some tree cover to provide 
shade to the coffee, but it exhibits a lower LAI (4.3 m2 m− 2). The IP 
micro-catchment was largely cleared more than 40 years ago (López- 
Ramírez et al., 2020). Since then, pastures have been heavily grazed by 
sheep, goats, and cows (63% of the land area); patches of young sec
ondary forest and built infrastructure (roads and dwellings) occupy the 
remainder (29 and 8%, respectively). 

The soils in these areas are mainly classified as Umbric Andosols 
derived from volcanic ash, with clay and silty clay as dominant textures 
(Campos, 2010; Paré and Gerez, 2012). Mineral soil horizons are char
acterized by low bulk densities (<0.7 g cm− 3) across land cover types 
due to the abundance of non-crystalline materials and organic matter; 
thick organic horizons (5–15 cm) often overlie the mineral soil in 
TMCFs, but typically not in pastures and coffee plantations. Soil profiles 
are generally deep (A + B horizons > 1 m and C + Cr horizons > 10 m on 
ridges and backslopes) and moderately well developed (Karlsen, 2010), 
favoring good water storage. The soils in the region are generally un
derlain by andesitic saprolite, with high permeabilities ranging from 
0.05 to 0.08 mm hr− 1 (Karlsen, 2010; Muñoz-Villers and McDonnell, 
2012). Although we did not measure bedrock hydraulic properties here, 
we observed the presence of saturated saprolite on various road cuts in 
our study sites. Field-saturated soil hydraulic conductivities are gener
ally higher in TMCF areas in comparison to pasture and shade coffee 
(López-Ramírez et al., 2020). 

2.2. Model set up and data preparation 

The SWAT-T model was set up for land use conditions representing 
the year 2013 (Von Thaden et al., 2019). The land cover map contained 
seven classifications: pine, mature forest, intermediate forest, crop, 
pasture, coffee, and human settlements. These land cover classes were 

input into the model setup using the categories from the SWAT database 
that are presented in Table B1 in Appendix B. The complete set of 
characteristics of each category can be reviewed in the SWAT plant 
database (Neitsch et al. 2011). We used the soil classes from the INEGI 
database (INEGI, 2007) and field data to populate the soil database in 
SWAT-T (see Table 2, and Appendix A for more details). 

The model was set up to capture the elevation, slope, land use, and 
soil classes corresponding to the predominant conditions in the Gav
ilanes catchment and in the four monitored micro-catchments (Table 1). 
ArcSWAT version 2012 (Winchell et al., 2013) was used to set up the 
SWAT-T model. A digital elevation model (DEM) with a 15-m resolution 
(INEGI, 2012) was used to delineate the catchments. The study area was 
divided into 17 sub-catchments. Two slope classes were defined, using 
the mean slope as the dividing threshold, with slope ranges of 0–35 % 
and >35 %, respectively. The sub-catchments were further subdivided 
into hydrological response units (HRUs). Small HRUs were removed 
from the model setup and their areas were apportioned to the remaining 
HRUs (Her et al., 2015); specifically, for land cover, HRUs with shares of 
the total area below thresholds of 5% for soils, land cover, and soils 
combinations with shares of the area below thresholds of 20% and for 
slope, land cover, soils, and slope combinations with shares of the area 
below thresholds of 20%. These thresholds were selected for retaining 
the dominant land covers, maintaining individual HRUs for the four 
monitored micro-catchments, and keeping the computational costs 
manageable. In total, the model setup resulted in 140 HRUs which 
represented around 80% of the total area. 

We set up three SWAT-T models to evaluate three empirical potential 
evapotranspiration (PET) methods available in the model to estimate the 
actual ET. SWAT-T-HA used the Hargreaves method (Hargreaves and 
Samani, 1985), SWAT-T-PT the Priestley-Taylor formulation (Priestley 
and Taylor, 1972), and SWAT-T-PM the Penman-Monteith method 
(Monteith, 1965). 

The list of hydroclimatological and spatial data used to set up the 
SWAT-T models is presented in Table 2. Maximum and minimum daily 
temperature and daily precipitation data were compiled from ten 
weather stations: four from the Mexican National Weather Service 
(SMN, 2020), three from López-Ramírez et al. (2020), and three 

Table 1 
Description and daily hydrologic indices observed at four micro-catchments. 
Table includes land use and slope class corresponding to the HRUs used for 
model validation at the micro-catchment scale.   

MF IF SC IP 

Area (km2)a 0.242 0.224 0.446 0.137 
Mean elevation (m a.s.l.)a 1756 1604 1284 1655 
Mean slope (%)a 36% 25% 21% 21% 
Percent forest or coffee covera 100% 77% 94% 29% 
Percent of pasture and crops covera 0% 23% 0% 63% 
Percent of urban and roadsa 0% 0% 6% 8% 
Leaf area index (LAI) (m2 m− 2)a 5.93 ±

0.9 
5.96 ±
1.22 

4.3 ±
1.71 

– 

Soil saturated hydraulic 
conductivity (Kfs) at 20-cm depth 
(mm hr− 1)a 

125 ±
2.1 

127 ±
2.1 

48 ±
3.4 

26 ± 2 

N (day) a 469 642 360 467 
Average daily rainfall (mm day− 1)a 6.47 4.64 6.67 6 
Average daily runoff (mm day− 1)a 4.35 2.67 3.05 4.14 
Ratio between runoff and rainfall, 

Q/P (–)a 
0.67 0.58 0.46 0.69 

Mean annual high flow, Q5 (±SD) 
(mm day− 1)a 

10.7 ±
0.25 

4.7 ±
0.05 

6.5 ±
0.12 

12.5 ±
0.35 

Mean annual low flow, Q95 (±SD) 
(mm day− 1)a 

1.29 ± 0 1.18 ±
0 

0.54 ±
0 

0.37 ±
0 

HRU Slope (%)b 35–99 0–35 0–35 0–35 

Note: Where available, the standard deviation (SD) is provided. 
Abbreviations :a.s.l., above sea level IF, intermediate forest IP, pasture MF, 
mature forest SC, shade coffee. 

a López-Ramírez et al. (2020). 
b Estimated from SWAT-T setup (See section 2.2 in text for explanation). 

Table 2 
Input data for the SWAT-T models setup, the data sources, and data processing 
steps.  

Input dataset Source Data preparation 

Topography INEGI (2012) Digital Elevation Model for 
Mexico in 15 m resolution. 

Land use Von Thaden et al. (2019) Supervised classification of 
Landsat imagery from the dry 
season (>500 ground-based 
land cover reference data) 

Soil data INEGI (2007); Daniel Geissert 
(unpublished data, 2010); 
Nathaniel Looker 
(unpublished data, 2018) 

Soil classes from (INEGI, 2007) 
and pooling soil data collected 
in>100 sites. 

Climate SMN (2020); López-Ramírez 
et al. (2020); UNAM 
(unpublished data, 2020) 

Daily min and max 
temperature and precipitation. 
Monthly average of solar 
radiation, wind speed and 
relative humidity. 
(Jan 2014- Dec 2017) 

Discharge 
Gavilanes 

Lyssette E. Muñoz-Villers 
(Unpublished data, 2019) 

10 min discharge, resampled 
(mean) to daily (May 2015- 
Apr 2017) 

Discharge 
micro 
catchments 

López-Ramírez et al. (2020) 3 min discharge, resampled 
(mean) to daily (Jul 2016- Aug 
2019) 

Leaf area index LAI ground measurements 
with LI-COR Biosciences 
(2019); 
MODIS time series (Myneni 
et al., 2015) 

LAI measurements using LI- 
COR Canopy Analyzer. 
MOD15A2 (500 m/8-day from 
Jun 2014 to Aug 2019)  
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operated by the National Autonomous University of Mexico (UNAM). 
Monthly average relative humidity, solar radiation, and wind speed 
were available only for the UNAM and López-Ramírez (2020) stations, 
which were assigned to the rest of the weather stations, considering the 
similarity in terms of elevation and the shortest distance. This monthly 

data was used to inform the SWAT weather generator. 

Fig. 2. Annual LAI as simulated by SWAT-T plant growth using calibrated SWAT-T parameters and the rescaled MODIS annual growth model (red line). The black 
line represents the original smoothed MODIS annual growth model. The green band denotes the area between the 25 and 75th quantile of the corresponding HRUs. 
(see explanations in the text). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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2.3. Plant growth and canopy interception calibration 

2.3.1. Leaf area index 
We combined ground-based leaf area index (LAI) measurements with 

MODIS satellite products. Maximum LAI was measured with the LAI- 
2200C Plant Canopy Analyzer (LI-COR, 2019) over a 500-m transect 
in eight plots with dominant land covers at different elevations: two MF, 
two IF, two SC, one IP, and one PI (Fig. 1b). These measurements were 
taken during the rainy season (July 8 to August 20, 2019) in the early 
morning hours (6:45 a.m. to 8:00 a.m.), before sunset, or under cloudy 
conditions to avoid scattering effects. The MODIS satellite provide es
timates of LAI on a 500-m grid every eight days at a world scale (Myneni 
et al., 2015). We extracted and analyzed 231 MODIS LAI composites 
from June 2014 to August 2019 to estimate the average daily LAI values 
for 8 pixels with homogeneous land covers representative of our LAI 
sampling sites. Clouds were masked and mean LAI values were predicted 
for each day of the year by fitting local polynomial regressions (Ripley, 
1998) in the stats Package (R Core Team, 2019) to the eight-day MODIS 
LAI estimates pooled across years (2014–2019). 

Finally, we rescaled the smoothed daily LAI using the observed LAI 
for each of our sites. In pine forests, we used the default SWAT max LAI 
value (5.0) since we did not have an accurate needle-to-shoot area ratio 
to adjust the observed LAI. In general, we observed that the MODIS al
gorithm (Myneni et al., 2015) produced acceptable results in the 
broadleaf forest (MF and IF), while it significantly overestimated LAI in 
the SC and in the IP (Fig. 2). The smoothed and rescaled MODIS LAI 
models were used to calibrate the SWAT-T vegetation growth module for 
simulating LAI (Fig. 2). 

Table B1 (Appendix B) presents the SWAT-T model parameters that 
were adjusted during the manual calibration process. Initially, the 
minimum LAI (ALAI_MIN) and maximum potential LAI (BLAI) for each 
land cover class were based on the ground-based MODIS LAI model, 
which corresponds well with independent measurements in the study 
area (González-Martínez and Holwerda, 2018). The shape coefficients 
for the LAI curve (FRGRW1, FRGRW2, LAIMX1, LAIMX2) and the 
remaining parameters were adjusted by a trial-and-error process, based 
on values reported in the literature (i.e., Strauch and Volk, 2013; Ale
mayehu et al., 2017), such that the SWAT-T-simulated LAI mimics the 
rescaled MODIS LAI. 

2.3.2. Plant growth and canopy interception calibration 
In the study region, the TMCF consists of a mix of deciduous, semi- 

deciduous (e.g., leaf-exchanging) and evergreen species of tropical and 
temperate biogeographical origins (Williams-Linera, 1999; Williams- 
Linera et al., 2013). Most of the semi-deciduous species are of 
temperate origin, and the timing of the leaf exchange is not controlled by 
water availability. Instead, these species shed their leaves during the 
early and mid-dry season and leaf out during the mid- to late dry season 
(Borchert et al., 2005). We manually defined the end of the dry season 
and the beginning of the rainy season (SOS1 = January, and SOS2 =
February, respectively), where a new vegetation growth cycle takes 
place. Two parameters are used to avoid unrealistic results such as a 
false starts of the growing cycle during the dry season due to short-spell 
rainfall (Alemayehu et al., 2017). 

The SWAT-T parameters that control the shape, the magnitude, and 
the temporal dynamics of LAI were manually adjusted to reproduce the 
values of the rescaled MODIS LAI for each land cover class (Table B1 in 
Appendix B). This procedure was repeated for the parameterization of 
the maximum canopy storage capacity (CANMX). CANMX was deter
mined for mature forest (3.3 mm), intermediate forest (1.8 mm), pine 
(1.2 mm), and shade coffee (1.6 mm). These values were obtained from 
measurements of throughfall and stemflow in these land covers at 
different elevations in the study catchments (González-Martínez and 
Holwerda, 2018; Holwerda et al., 2010; Holwerda et al., 2013; Muñoz- 
Villers et al., 2012, 2015). 

2.4. Sensitivity analysis and calibration for streamflow at the Gavilanes 
catchment 

2.4.1. Streamflow at the Gavilanes catchment 
We used a two-year daily streamflow series from the Gavilanes 

catchment streamflow gauge (2 May 2015–30 April 2017). Water levels 
were measured every 10 min using water level sensors paired with 
barometric pressure recorders. Recorded levels were converted to 
streamflow (L s− 1) using experimental stage-discharge relationships 
based on rating curves derived from salt dilution measurements of 
discharge (Guzmán-Huerta, 2019). The streamflow data were resampled 
(mean) to daily timesteps (Fig. 3). 

2.4.2. Selection of sensitive parameters 
In a parameter screening, we ran a global sensitivity analysis (GSA) 

for the simulation of discharge at the Gavilanes catchment outlet for the 
SWAT-T models using each PET method to identify the most influential 
parameters. We explored 23 model parameters that are frequently 
calibrated in SWAT to simulate discharge (see Arnold et al., 2012; Mehdi 
et al., 2018; Schürz et al., 2019; Meins, 2013, for a description of the 
relevant model parameters controlling the water balance). The ranges 
and types of parameter changes represent typical procedures often 
found in the SWAT literature. An overview of the model parameters that 
were identified as influential and that were further used in the model is 
provided in Table B2 (Appendix B). We employed the Fourier Amplitude 
Sensitivity Test (FAST) algorithm (Cukier et al., 1973) included in the R 
fast package (Reusser, 2015) and integrated as part of the SWATplusR 
workflow (Schürz, 2019) to screen and rank the model parameters. A 
parameter was selected as important if it was within the most sensitive 
parameters, employing the Kling–Gupta Efficiency criterion (KGE) for 
daily streamflow, including its three components (Gupta et al., 2009). 
The GSA performed for the model parameters of the three SWAT-T 
models yielded similar results for the first 13 independent parameters. 
Therefore, we employed 13 parameters during the calibration of the 
three models (Table B2 in Appendix B). 

2.4.3. Identification of non-unique parameter sets (calibration) 
To facilitate the analysis of the SWAT-T model performance and 

separate the effects of particular PET methods on model output, we 
selected a series of simulations with non-unique parameter sets (Schürz 
et al., 2019). We simulated daily discharge for each SWAT-T model, 
using the Latin Hypercube Sampling method with the R package lhs 
(Carnell, 2019), to select 3000 random samples for the parameter 
combinations of the 13 most influential parameters that we had previ
ously identified. We evaluated simulations using signature metrics and a 
statistical performance metric (KGE). The ratio of the root mean square 
error to the standard deviation (RSR, Moriasi et al., 2007) was calcu
lated for five segments of the flow duration curve (FDC): very high (0–5 
% days of exceedance), high (5–20%), medium (20–70%), low 
(70–95%), and very low flows (95–100%), as suggested by Pfannerstill 
et al. (2014). RSR varies from an optimal value of 0, which indicates a 
perfect model simulation, to a large positive value. This evaluation 
method has been shown to lead to an improved selection of good cali
bration runs since it captures different parts of the hydrograph (Pfan
nerstill et al., 2014). We simultaneously identified the best 1500 runs 
out of 3000 for the five-signature metrics (Minimize RSR), followed by 
the selection and comparison of the best ten simulations with maximum 
KGE for each SWAT-T model (SWAT-T-HA, SWAT-T-PT, and SWAT-T- 
PM). 

2.4.4. Temporally distributed parameter sensitivity analysis 
The temporally distributed parameter sensitivity analysis (TDSA) is 

used to identify deficiencies in the model structure as a function of time 
of year (Pfannerstill et al., 2015; Haas et al., 2015; Guse et al., 2014; 
Guse et al., 2016; Guse et al., 2019). A TDSA was applied to the three 
SWAT-T models to obtain daily temporal parameter sensitivities, which 
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were later summarized at monthly intervals (Guse et al., 2016) to derive 
information about the dominant hydrological processes during the wet 
and dry seasons. 

We simulated daily discharge for each model in the Gavilanes 
catchment, again using the Latin Hypercube Sampling to select 1500 
random samples for the combinations of eight parameters (Table B3 in 
Appendix B). From the thirteen parameters used for calibration 
(Table B2 in Appendix B), seven parameters were selected to assess 
parameter sensitivity for each hydrologic process: surface runoff, lateral 
flow, groundwater flow, evaporation, and soil water storage. CANMX 
was added in the TDSA for rainfall interception. We did not consider the 
routing parameters (CH_K2, CH_N2, ALPHA_BNK) as they are related to 
channels. For lateral flow, groundwater, and evaporation we used only 
parameters previously reported in other SWAT studies (e.g. Guse et al., 
2014; Guse et al., 2019), leaving HRU_SLP, DEP_IMP, and EPCO out of 
the TDSA analysis. The parameters that control surface runoff, soil water 

storage, lateral flow, and rainfall interception were modified spatially, 
while the parameters controlling groundwater were altered globally due 
to the lack of spatially distributed empirical data. For a detailed 
description of the model parameters and the associated processes, please 
refer to Neitsch et al. (2011). To study the temporal dynamics of the 
parameterization of daily discharge simulations for the three PET 
methods we employed the R package temPAWN (Schürz, 2020), which 
calculates the daily PAWN (Pianosi and Wagener, 2015; the name of the 
method was derived from the authors names) sensitivity index according 
to Pianosi and Wagener (2018) for each time step of a simulation. PAWN 
is moment-independent and is a suitable method for asymmetrically 
distributed outputs of models (Zadeh et al., 2017). PAWN (Pianosi and 
Wagener, 2015) has shown to be effective for parameter ranking, 
including various applications with the SWAT model (Zadeh et al., 2017; 
Pianosi and Wagener, 2018; Schürz et al., 2019). A dummy variable is 
artificially introduced that cannot affect the output but provides an 

Fig. 3. Calibrated SWAT-T simulations of discharge at the Gavilanes outlet using the best 10 sets of non-unique parameters for each model (SWAT-T-HA, SWAT-T- 
PM, and SWAT-T-PT) (a) and their corresponding flow duration curves (b), black line represents observed discharge. Figures include an alpha factor = 0.5, adding 
transparency to the color bands with darker tones indicating areas of overlap. Dotted lines denote the beginning and the end of the FDC segments. 
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indication of the extent of approximation errors. If the sensitivity index 
of a parameter is smaller than the dummy variable, then we can 
conclude that this factor is not influential (Pianosi and Wagener, 2018). 

2.5. Validation of streamflow in four micro-catchments 

2.5.1. Streamflow at four micro-catchments 
Within each micro-catchment (Fig. 1c), streamflow and rainfall were 

measured from 2015 to 2019. For streamflow, V-notch weirs were 
installed at each micro-catchment outlet, and the water level was logged 
every 1.5 min using a Solinst water level sensor (model 3001) paired 
with a barometric pressure recorder (model 3001). We calculated the 
streamflow (L s− 1) using field-derived rating curves generated via 
volumetric and salt dilution measurements of discharge (Moore, 2005). 
Please see López-Ramírez et al. (2020) for more details. 

2.5.2. Validation of streamflow in four micro-catchments 
We evaluated the performance of the three calibrated SWAT-T 

models (SWAT-T-HA, SWAT-T-PT, and SWAT-T-PM) for streamflow 
simulation at four sites. All calibrated parameters (identified non-unique 
parameter sets) were subsequently applied individually (a parameter set 
at a time) to the SWAT-T models (Mehdi et al., 2018), and the model 
simulations were evaluated in four HRUs representing the dominant 
land cover in the corresponding micro-catchments (Table 1): MF 
(100%), IF (77%), SC (94 %), and IP (63%). The location and weather 
data of these HRUs are the same as in the corresponding micro- 
catchments and the HRUs represent the dominant soil, slope, and 
elevation conditions observed in the micro-catchments. First, we visu
ally compared the simulated and observed FDCs. Second, we estimated 
the percentage bias (PBIAS) criteria for the annual ratio between 
average daily runoff and average daily rainfall (Q/P), for the mean 
annual daily high flow(Q5), and for the mean annual daily low flow 
(Q95). 

2.6. Validation of evapotranspiration at three sites 

2.6.1. Evapotranspiration at three sites 
Water and energy fluxes were measured at three sites over different 

time periods to calculate evapotranspiration (ET). ET was calculated as 
the sum of rainfall interception (I) and dry-canopy evaporation or 
transpiration (Et). In a mature and an intermediate montane cloud forest 
located at an altitude of about 2100 m (Fig. 1b) Et values were derived 
from continuous sapflow measurements from January-November 2007 
(37 trees for mature forest and 13 trees for intermediate forest), and I 
values were quantified using throughfall and stemflow measurements in 
plots between September 2006 and June 2007 in the intermediate forest 
and between April 2007 and April 2008 in the mature forest; see Hol
werda et al. (2010) and Muñoz-Villers et al. (2012) for more details. In a 
shaded coffee plantation located at an altitude of 1210 m (Fig. 1b), Et 
and I were calculated using the eddy covariance method and measure
ments of throughfall and stemflow, respectively (September 
2006-August 2008); see Holwerda et al. (2013) for more details. In these 
studies, the Et results were also expressed as a fraction of the FAO 
Penman-Monteith reference evapotranspiration (ET0); this metric facil
itates comparison of independent site (vegetation) transpiration rates 
relative to the evaporative demand of the atmosphere (Allen et al., 
1998). The interception results were expressed as a fraction of the mean 
annual rainfall (P). For the mature forest Et was 787 mm (92 % of ET0) 
and I was 613 mm (18% of P), in the intermediate forest Et was 788 mm 
(92% of ET0) and I was 315 mm (9% of P), and in the shade coffee Et was 
992 mm (89% of ET0) while I was 110 mm (8% of P). 

2.6.2. Validation of evapotranspiration at three sites 
We compared the evapotranspiration (ET) predicted by the three 

SWAT-T models with ET estimated from meteorological data and locally 
derived indices of interception divided by precipitation (I/P) and 

transpiration divided by reference evapotranspiration (Et/ ET0). First, 
we calculated the mean annual precipitation (mP) and the mean refer
ence evapotranspiration (mET0) following Allen et al. (1998) and using 
the available meteorological data for the study period (4 years) at three 
sites. Next, the interception (I) was estimated as the product of I/P and 
mP, and the Et was obtained by multiplying mET0 by Et/ET0. Finally, ET 
was estimated by adding I and Et (Table 5). These ET values were 
compared with ET predicted in the corresponding HRUs by the cali
brated SWAT-T models, using the best set of previously identified pa
rameters (Table B4, in Appendix B. Model parameters). Additionally, we 
estimated the simulated rainfall interception (Sim I SWAT-T) as the 
difference between ET predicted by the calibrated SWAT-T models and 
ET predicted by the calibrated SWAT-T models when the canopy storage 
capacity (CANMX) is set to zero (Table 5). 

3. Results 

3.1. Leaf area index calibration 

We evaluated the degree of agreement between daily MODIS LAI and 
the LAI simulated by the calibrated SWAT-T using visual comparisons 
and statistical measures. From the qualitative inspection (see Fig. 2), it is 
apparent that the annual growth cycle of each land cover class from the 
calibrated SWAT-T model corresponds well with the MODIS LAI model 
rescaled with field data. In quantitative terms, the calibrated models 
exhibited generally strong correlations—0.67 (MF), 0.89 (IF), 0.92 (IP), 
0.47 (PI), and 0.64 (SC) — during the calibration period. The greatest 
mismatch in LAI was found for PI, most likely because the pine trees 
have bundles of needles rather than broad leaves. The 25-75th percen
tiles in Fig. 2 show the effect of temperature, primarily related to the 
elevation gradient, on the computation of LAI. SC exhibited narrower 
bands than the other land covers because it is mainly distributed be
tween 1100 and 1500 m a.s.l. It can be observed that the LAI bands 
become wider at the end of the annual cycle because the growth model 
uses the accumulated number of heat units. 

3.2. Streamflow calibration at the Gavilanes catchment 

Visual comparisons of daily simulated streamflow hydrographs with 
observed streamflow over the calibration period for the three models 
(SWAT-T-HA, SWAT-T-PT, and SWAT-T-PM) suggest a good fit (Fig. 3a). 
The quantitative results presented in Table 3 indicate that SWAT-T-HA 
had a higher KGE and NSE and a lower PBIAS than the other two 
models. The SWAT-T-PM model had the poorest ability of the calibrated 
models to reproduce observed streamflow (lower NSE and KGE and 
larger PBIAS). These statistical results were consistent with the results 
from the signature metric analysis, where SWAT-T-HA consistently had 
the lowest RSR for the five parts of the FDC, and SWAT-T-PM the largest. 
These results are also evident in Fig. 3b, where we can observe narrower 
uncertainty bands for SWAT-T-HA. At very low flows, however, the 
three models produced similar results, exhibiting high RSR values. 

Table 3 indicates that the three SWAT-T models overestimated the 
observed discharge (mean PBIAS for SWAT-T-PM = 24%, mean PBIAS 
for SWAT-T-PT = 12%, mean PBIAS for SWAT-T-HA = 5%). The water 
balance presented in Table C1 (Appendix C) confirms these findings, and 
shows that SWAT-T-PM predicted the lowest PET (807 mm) and ET (665 
mm) and the highest total streamflow (1407 mm), followed by SWAT-T- 
PT (PET = 977 mm, ET = 926 mm, total streamflow = 1203 mm) and 
SWAT-T-HA (PET = 1179 mm, ET = 1098 mm, total streamflow = 1085 
mm). Overall, the water balance (Table C1) indicates a low influence of 
surface runoff (4 – 16 % of total streamflow in all models) and a 
dominance of lateral flow (40 to 72% of total streamflow in all models) 
in the streamflow response. 
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3.3. Temporally distributed parameter sensitivity analysis 

The monthly averages of sensitivity results (Fig. 4) for the six model 
processes were very similar for the three models (SWAT-T-HA, SWAT-T- 
PM, and SWAT-T-PT). A marked dominance of lateral flow was detected 
throughout the year, with an important contribution of groundwater. 
The highest significance of groundwater parameters occurred in October 
and November, during the transition between the wet and dry seasons 
(hydrograph recession). A low influence of surface runoff was observed, 
except in the middle of the rainy season (July-September) when this 
runoff component plays a slightly more significant role. Evapotranspi
ration, interception, and soil water storage parameters had a low in
fluence on streamflow (Fig. 4); this result was expected because the 
water deficit for evapotranspiration is low throughout the year. 

3.4. Validation of streamflow in the four micro-catchments 

The selection of a specific PET method influences the calculations of 
ET and in turn affects the water balance. Qualitatively, the three models 
(SWAT-T-HA, SWAT-T-PM, and SWAT-T-PT) showed good performance 
in simulating different phases of the FDC for MF and SC. Additionally, all 
three models accurately simulated the high, mid and low flows in the IF 
(Fig. 5). However, SWAT-T clearly failed to capture the very low flows 
observed in IF. An unexpected result was that the model largely over
estimated the low and very low flow dynamics in the IP, probably due to 
the global calibration of groundwater parameters. The statistical results 
(Table 4) confirm these findings, where the three SWAT-T models 
exhibited extremely high mean PBIAS (>400) for mean annual daily low 
flow (Q95) in the IP micro-catchment. Additionally, the three models 
underestimated Q95 in the MF and IF HRUs. For mean annual daily high 

flow (Q5) the SWAT-T-PM and SWAT-T-PT models exhibited slightly 
better performance than SWAT-T-HA. For average water balance con
ditions (Q/P), the SWAT-T-HA model produced a general underesti
mation, while SWAT-T-PT showed mixed results, and the SWAT-T-PM 
method produced a general overestimation. 

3.5. Validation of evapotranspiration at three sites 

Comparisons of ET as predicted by the best calibrated models 
(SWAT-T-HA, SWAT-T-PM, and SWAT-T-PT) with ET estimated based 
on I/P and Et/ET0 derived from local measurements (see section 2.6 for 
explanation) revealed that ET simulated by SWAT-T-HA more closely 
matched ET based on local data than the other two models (Table 5). 
However, our results also show that SWAT-T-HA overestimates ET in SC 
by 247 mm (22 %) at lower elevations (1210 m a.s.l.), while under
estimating ET in MF by 310 mm (22 %) and in IF by 58 mm (5%) at 
about 2100 (m a.s.l.). SWAT-T-PM and SWAT-T-PT caused a higher 
underestimation of ET for the same forest sites. The simulated rainfall 
interception capacity varied from 36 mm yr− 1 (Sim I SWAT-T-PT) to 
109 mm yr− 1 (Sim I SWAT-T-PM), representing<4% of the water bal
ance for all sites and models (Table 5). 

4. Discussion 

4.1. Validation of calibrated SWAT-T models with local 
evapotranspiration data at three sites, with focus on the performance of the 
PET methods available in the model 

The adequate selection of a PET method and the accurate simulation 
of leaf area index and rainfall interception influence the computation of 

Table 3 
Final selection of best model calibration runs after applying 5 FDC performance metric-based selection. The mean value for all indices of fit is presented for each model 
(SWAT-T-HA, SWAT-T-PM, and SWAT-T-PT) for comparison of performance.  

Sim PET Calibration run KGE NSE PBIAS R2 RSR 

Q5 Q5-20 Q20-70 Q70-95 Q95 

1 PM 831  0.51  0.07  22.70  0.61  5.36  3.39  1.03  0.88  3.29 
2 PM 2293  0.48  0.13  19.60  0.67  5.67  3.87  0.85  0.53  2.75 
3 PM 1146  0.42  − 0.08  27.10  0.64  5.97  4.26  1.22  0.57  2.24 
4 PM 525  0.49  0.06  31.00  0.70  6.27  3.78  1.31  1.91  2.96 
5 PM 1480  0.44  0.06  21.00  0.67  6.44  4.70  0.61  0.92  3.33 
6 PM 875  0.38  − 0.05  28.30  0.71  7.13  4.93  1.06  1.08  2.74 
7 PM 2216  0.41  0.03  21.90  0.69  7.17  4.26  0.85  0.78  3.10 
8 PM 2871  0.44  0.00  28.70  0.68  7.31  3.57  1.26  1.48  1.93 
9 PM 2822  0.42  0.12  15.60  0.69  8.31  3.35  0.53  0.66  2.86 
10 PM 515  0.45  − 0.07  28.50  0.63  8.52  2.86  1.11  1.86  3.27  

Mean   0.44  0.03  24.44  0.67  6.81  3.90  0.98  1.07  2.85  

1 PT 2953  0.63  0.20  12.20  0.48  1.24  2.14  0.72  0.64  2.87 
2 PT 2311  0.58  0.34  18.70  0.71  3.51  3.80  0.79  0.62  2.52 
3 PT 2873  0.59  0.21  27.20  0.66  3.52  3.50  1.12  2.07  3.02 
4 PT 764  0.64  0.47  15.50  0.75  3.96  3.00  0.56  0.76  2.86 
5 PT 1813  0.71  0.48  − 16.20  0.70  4.23  0.99  1.15  1.44  0.90 
6 PT 1938  0.68  0.45  9.80  0.66  4.36  1.59  0.40  0.78  3.33 
7 PT 716  0.63  0.47  11.90  0.73  5.34  2.38  0.40  0.83  3.30 
8 PT 456  0.58  0.23  23.20  0.66  5.74  2.63  0.94  1.77  3.33 
9 PT 1544  0.66  0.42  10.40  0.67  6.60  1.30  0.30  0.97  3.32 
10 PT 600  0.59  0.36  9.90  0.68  6.86  1.77  0.37  0.60  2.73  

Mean   0.63  0.36  12.26  0.67  4.54  2.31  0.67  1.05  2.82  

1 HA 2059  0.74  0.47  14.90  0.62  1.36  1.42  0.62  1.69  2.55 
2 HA 2312  0.80  0.61  8.20  0.70  1.51  1.31  0.31  1.02  2.57 
3 HA 1880  0.83  0.65  − 1.10  0.71  2.57  0.50  0.49  0.69  3.28 
4 HA 770  0.71  0.51  8.10  0.69  2.79  2.05  0.44  0.42  2.52 
5 HA 1513  0.84  0.69  3.80  0.74  2.84  0.58  0.22  0.88  3.33 
6 HA 2787  0.72  0.44  6.00  0.61  2.91  1.44  0.40  0.73  3.16 
7 HA 546  0.71  0.47  1.30  0.64  3.79  1.00  0.47  0.44  2.11 
8 HA 541  0.71  0.52  7.90  0.69  5.50  1.18  0.27  0.92  3.43 
9 HA 2638  0.70  0.51  3.20  0.69  5.54  0.84  0.39  0.48  2.63 
10 HA 686  0.72  0.51  − 5.90  0.67  5.75  0.45  0.69  0.47  2.03  

Mean   0.75  0.54  4.64  0.67  3.46  1.08  0.43  0.77  2.76  
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evapotranspiration in the SWAT-T model and affect the water balance. 
SWAT-T (Alemayehu et al., 2017) was capable of accurately simulating 
LAI in the study area (Fig. 2). Overall, the rescaled MODIS LAI model 
effectively represented the annual growth dynamics when compared 
with independent LAI observations. In mature forest, the average LAI 
measured for the dry and wet seasons was 4.1 and 5.9, respectively 
(González-Martínez and Holwerda, 2018). The LAI model also provided 
good results when compared with shade coffee plantations where the 
minimum LAI was 2.7 in December 2016 and the maximum LAI was 3.9 
in July 2017 (Holwerda and Meesters, 2019). Furthermore, the SWAT-T- 
simulated LAI corresponded well with the MODIS LAI annual growth 
model (an average R2 of 0.71 for all land covers). 

The formulation of SWAT-T did not allow realistic simulation of the 

effect of rainfall interception in forested areas. Rainfall interception in 
the study region has been reported in the literature to be about 18 and 
9% of P in mature and intermediate forests, respectively (Holwerda 
et al., 2010; Muñoz-Villers et al., 2012) and around 8% of P in a shade 
coffee plantation (Holwerda et al., 2013). These values strongly suggest 
that in these environments, interception is an important component of 
the water balance for mature forests and that the conversion of mature 
forests to other land covers such as shade coffee is associated with a 
decrease in rainfall interception as high as 10% of P. All of the SWAT-T 
models in our study underestimated rainfall interception (I < 4% of P, 
for all land covers, see Table 5). Furthermore, the temporally distributed 
sensitivity analysis (Fig. 4) indicated that interception has a low effect 
on streamflow for all the SWAT-T models. These results can be explained 

Fig. 4. Mean monthly averaged parameter sensitivities for six model processes and for the three SWAT-T models evaluated at the Gavilanes catchment. Processes 
sensitivity is presented relative to a dummy variable, processes with a darker tone had a correspondingly more significant effect on streamflow. Dotted lines denote 
the beginning and the end of the wet and dry seasons. 
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by the fact that SWAT-T limits daily evaporation from the canopy by 
daily PET (Fig. 1 of Abiodun et al., 2018; Neitsch et al., 2011) and thus 
underestimates the actual evaporation from the wet forest canopy (see 
below for further discussion). This point requires further review, and we 
suggest that the SWAT-T model should allow the canopy storage ca
pacity to empty daily, as assumed by simpler, widely accepted inter
ception models such as the Liu model (Liu, 2001). 

More attention should be given to the appropriate selection of PET 
methods for SWAT model applications. Although we found low influ
ence of evapotranspiration (ET), interception (I), and soil water storage 
parameters in the daily sensitivity analysis (Fig. 4), we observed that the 
PET method impacted model performance (Table 3) and significantly 
affected the water balance (Table C1). ET accounts for 30–40% of 

rainfall in the headwater catchments where most recharge occurs 
(Muñoz-Villers et al., 2012; Muñoz-Villers et al., 2015; Muñoz-Villers 
et al., 2016). These ET results agree with values of ET (19–50%) re
ported in other tropical montane mesoscale catchments (i.e., Crespo 
et al., 2012; Beck et al., 2013). We attribute the low influence of ET, I, 
and soil water storage parameters to the availability of water throughout 
the year and the limited capacity of the SWAT-T model to simulate 
interception in forested areas. Nevertheless, our findings support that 
the choice of the PET estimation method influences the SWAT-T model 
performance to simulate discharge, as suggested by Alemayehu et al. 
(2015). 

The models parameterized with radiation-based methods, SWAT-T- 
PT and SWAT-T-PM, significantly underestimated ET in the upper 
parts of the cloud forest zone (Table 5) and consequently limited the 
models’ capacity to accommodate evaporation from the forests. In the 
lower areas fog occurrence is practically absent (only 2% of the time, 
Holwerda 2010). Nonetheless, fog is more frequent (around 32%, 
Alvarado-Barrientos et al., 2014) in the middle and upper sections of the 
cloud forest belt, and it is probable that a higher presence of fog is 
associated with higher epiphyte densities that may contribute to higher 
canopy storage capacities in these areas (González-Martínez and Hol
werda, 2018). These high interception capacities may in turn enhance 
wet canopy evaporation in forested areas driven by negative (down
ward) sensible heat flux rather than sustained by radiant energy alone 
(Stewart, 1977; Mizutani et al., 1997). The aerodynamic term in the PM 
equation accounts for sensible heat advection. However, in SWAT-T the 
PM method will underestimate wet-canopy evaporation, because it uses 
the surface resistance of alfalfa (100 s m− 1) (Neitsch et al., 2011), while 
the actual surface resistance is zero under such conditions. Moreover, 
this PET method calculates aerodynamic resistance considering a crop 

Fig. 5. Validation of streamflow simulations with calibrated models (SWAT-T-HA, SWAT-T-PM, and SWAT-T-PT) at four micro-catchments with contrasting land 
covers, black line represents observed discharge. Figure includes an alpha factor = 0.5, this adds transparency to the color bands and darker tones of the colors 
represent overlapping areas. Dotted lines denote the mean annual daily high (Q5) and low flows(Q95). 

Table 4 
PBIAS for different streamflow metrics in four monitored micro-catchments. 
Positive values indicate overestimation, values close to 0 are considered excel
lent and up to 25% are considered satisfactory (Moriasi et al., 2007).   

Metric MF IF SC IP 

SWAT-T-PM PBIAS Q/P  4.30  5.19  24.08  2.83 
PBIAS Q5  11.53  47.59  9.91  19.45 
PBIAS Q95  − 17.01  − 55.12*  53.12  476.00*  

SWAT-T-PT PBIAS Q/P  − 7.82  − 14.97  0.98  − 9.62 
PBIAS Q5  − 6.08  19.18  − 12.03  − 2.88 
PBIAS Q95  − 11.42  − 62.59*  24.54  420.80*  

SWAT-T-HA PBIAS Q/P  − 20.15  − 39.12  − 23.99  − 18.64 
PBIAS Q5  − 16.35  − 5.52  − 26.90  − 2.29 
PBIAS Q95  − 23.43  − 72.17*  − 20.66  410.20*  

* Systematic errors. 
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height of 40 cm (Neitsch et al., 2011). This yields a value for aero
dynamic resistance about 5 times larger than that of forest, contributing 
to the underestimation of PET. In the PT method, the aerodynamic term 
is represented by the PT coefficient (1.28, Neitsch et al., 2011). How
ever, Shuttleworth and Calder (1979) suggested that this is not sufficient 
to account for the high evaporation rates from wet forest canopies (i.e., 
energy input from sensible heat advection can be several times greater 
than that from radiation). 

The model parameterized with the temperature-based method 
SWAT-T-HA generally produced higher ET estimates (Table 5). Higher 
values of PET compensate for the low capacity of the model to represent 
the evaporation of intercepted rainfall in forests but also lead to over
estimation of transpiration rates in other land covers. It is likely that the 
PT method also overestimates forest transpiration. When using the PT 
and HA methods, SWAT-T does not explicitly model the effect of the LAI 
on transpiration for LAI > 3.0 (Neitsch et al., 2011). Therefore, the ET 
values simulated by SWAT-T for MF and IF are very similar when using 
the HA and PT methods (Table 5). Both methods underestimate the ef
fect of vegetation cover on hydrological flows. In conclusion, the SWAT- 
T-HA model performed better, but not for the right reasons, and the use 
of this approach overestimated ET in areas with lower interception ca
pacity such as shade coffee, especially in the lower parts of the catch
ment where the presence of fog is less important. 

4.2. Assessment of the accuracy of the SWAT-T model to simulate 
streamflow at the outlet of the Gavilanes catchment (34 km2) 

The SWAT-T model was able to satisfactorily simulate streamflow 
during the calibration period as shown in Fig. 3 and confirmed by 
acceptable goodness of fit indices (Table 3). The incorporation of a 
multi-metric framework that considers five segments of the FDC (Pfan
nerstill et al., 2014) improved the identification of the best parameter 
sets. However, calibrating the models was challenging for very high and 
low flow conditions. In our study, we were able to improve the model 

calibration by relaxing the conditions for the simultaneous selection of 
the best 50% quantile for the five segments of the FDC. While other 
researchers have used more restrictive conditions for selecting simula
tions, including the best 20% quantile by Pfannerstill et al. (2014), and 
the best 25% quantile by Guse et al. (2020), we observed that our more 
relaxed approach was effective in enhancing overall model performance 
and parameter identification. 

The temporally distributed sensitivity analysis suggested a low in
fluence of surface runoff, an intermediate influence of groundwater, and 
the dominance of lateral flow in estimating streamflow response (Fig. 4). 
This finding agrees with the water balance (Table C1), which indicates 
that surface runoff accounts for about 4 to 16% of the total streamflow, 
while lateral subsurface flow controls around 40 to 72% of the stream
flow response. This finding agrees with a recent study in a neighboring 
catchment of similar size (60.6 km2), where López-Hernández (2019) 
examined 159 storm events and found that only 3–7% of total stream
flow were contributed by surface runoff. Nevertheless, Muñoz-Villers 
et al. (2016) reported long mean baseflow transit times (between 1.2 
and 2.7 years) for the Gavilanes catchment and 11 nested subcatchments 
(0.1 to 34 km2), suggesting that deep subsurface flow paths, rather than 
shallow lateral flow, is the dominant flow path for runoff generation 
(Muñoz-Villers and McDonnell, 2012, 2013). These results agree with 
the high permeability observed at the soil–bedrock interface (5–30 mm 
h− 1). 

A structural deficit in the SWAT-T model can explain the contra
diction in between the SWAT-T prediction of lateral flow as the most 
important process, when evidence suggests that deep subsurface flow 
paths are dominant. In SWAT-T, groundwater is divided into a shallow 
and a deep aquifer. The shallow aquifer represents an unconfined 
aquifer that may discharge into the channel. The deep aquifer is 
described as a confined aquifer that does not contribute to the stream
flow (Neitsch et al., 2011). The SWAT-T model’s reliance on a single 
active groundwater storage compartment is insufficient for describing 
both the fast recession phase and the low flow with the same parameter 
set (Luo et al., 2012; Guse et al., 2014; Pfannerstill et al., 2014). In this 
regard, the parameter GWDELAY presents a tradeoff between both 
discharge phases (Table B3 and Table B4 in Appendix B). If GWDELAY 
represents a fast recession with a short number of days, the model 
produces a large amount of water available for contribution to stream
flow. On the other end, a longer GWDELAY is required to represent the 
slow water release during the long low flow periods (Pfannerstill et al., 
2014). Streamflow measurements in our study catchment indicated a 
long recession phase, so the calibration resulted in a large value for 
GWDELAY (around 400 days, see Table B4 Appendix B). Consequently, 
the shallow aquifer releases the water more slowly, and the system be
haves more like a semipermeable layer, providing conditions that 
inaccurately imply the dominance of lateral flow (Hu and Li, 2018). In 
summary, local evidence suggested that discharge in our catchment is 
determined by the volume of water in storage and should be charac
terized by nonlinear rate coefficients (Kirchner, 2009), while SWAT-T 
assumes that the variation in groundwater flow is linearly related to 
the rate of change in water table height (Neitsch et al., 2011). 

4.3. Validation of the calibrated SWAT-T models with streamflow 
observed in four nested micro-catchments (0.137–0.446 km2) within the 
study area 

Examining the performance of the SWAT-T model simulations of 
streamflow in micro-catchments with contrasting land cover is useful, 
since these results can help to better understand the strengths and lim
itations of the model at HRU scale. Some authors have noted that SWAT 
shows a tendency to underperform in either very low or very high 
discharge events, particularly in forested areas (Qiu et al., 2012). The 
three models (SWAT-T-HA, SWAT-T-PM, and SWAT-T-PT) were capable 
of satisfactorily estimating annual runoff coefficients and mean annual 
daily high flows (Q5) in all land covers, although the best results were 

Table 5 
Comparison of simulated ET (best calibration run for each model: SWAT-T-HA, 
SWAT-T-PM, and SWAT-T-PT) with ET derived from local measurements.   

Mature 
forest 

Intermediate 
forest 

Shade 
coffee 

Elevation (m a.s.l.) 2060 2140 1210 
mP (mm yr− 1) 2841 2841 1898 
mET0 (mm yr− 1) 919 919 1090 
I/P 0.18 0.09 0.08 
Et/ET0 0.92 0.92 0.89 
I (mm yr− 1) 508 255 151 
Et (mm yr− 1) 845 847 968 
ET (mm yr− 1) 1354 1102 1119 
Sim ET SWAT-T-PMc (mm 

yr− 1) 
726 708 845 

Sim ET SWAT-T-PTd (mm 
yr− 1) 

934 933 1138 

Sim ET SWAT-T-HAe (mm 
yr− 1) 

1044 1044 1366 

Sim I SWAT-T-PMf (mm yr− 1) 109 72 30 
Sim I SWAT-T-PTf (mm yr− 1) 36 37 63 
Sim I SWAT-T-HAf (mm yr− 1) 57 48 57 

mP = mean annual precipitation over the studied period (n = 4 years); mET0 =

mean annual FAO Penman-Monteith reference evapotranspiration over the 
studied period (n = 4 years); I/P and Et/ET0 derived from local measurements 
see section 2.3 for explanation; I = mP × I/P; Et = mET0 × Et/ET0; ET = I + Et. 
a Holwerda et al. (2010) and Muñoz-Villers et al. (2012). 
b Holwerda et al. (2013). 

c Calibration run 831, see Table B4 in Appendix B for details. 
d Calibration run 2953, see Table B4 in Appendix B for details. 
e Calibration run 2059, see Table B4 in Appendix B for details. 
f Calculated as the difference between ET simulated by the calibrated SWAT-T 

models and ET simulated by the calibrated SWAT-T models with a CANMX set to 
0, no canopy storage capacity. 
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obtained for MF and SC (Fig. 5, Table 4). Major discrepancies were 
observed for the mean annual daily low flows, especially in the IF and IP 
micro-catchments (Table 4). 

Previous studies in this region suggest that managed land covers such 
as pasture can increase the variability of the streamflow response, but 
indicators such as the mean annual runoff coefficient (Q/P) and the 
mean annual daily high flow (Q5) tend to be largely determined by 
elevation and slope (López-Ramírez et al., 2020; Muñoz-Villers et al., 
2013). This phenomenon was captured well by SWAT-T models, where 
higher runoff coefficients were observed at higher elevations (Ramírez 
et al., 2017; Sáenz et al., 2014). For slope, SWAT-T predicted higher 
peak flows in steeper slopes, which is consistent with the higher mean 
annual daily high flows (Q5) observed in steeper slopes by López-Ram
írez et al. (2020) and Muñoz-Villers et al. (2013). Steeper slopes have 
also been associated with higher quickflow and lower time to peak re
sponses (Mu et al., 2015; Nainar et al., 2018). Overall, the calibrated 
SWAT-T models produced acceptable Q/P and mean annual daily high 
flows (Q5) predictions (PBIAS < 25) for most of the land covers. We 
attribute this result to the dense network of climate stations available 
(Fig. 1) and the use of slope in the definition of HRUs. 

In terms of dry-season baseflow, local studies indicate that both 
mature and intermediate forests exhibit higher mean annual daily low 
flows(Q95) than pastureland and shade coffee (López-Ramírez et al., 
2020; Muñoz-Villers et al., 2013), which is consistent with the ‘‘sponge- 
effect hypothesis’’ for forests (Bruijnzeel, 2004; Muñoz-Villers and 
McDonnell, 2013; Ogden et al., 2013; Muñoz-Villers et al., 2015). Our 
SWAT-T results, however, point in the opposite direction, with the 
model substantially overestimating mean annual daily low flow in the IP 
micro-catchment for all models (PBIAS > 400, see Table 4), and 
underestimating mean annual daily low flow for all the models in the MF 
and IF micro-catchments (Table 4). This finding has serious implications 
when using hydrological models to analyze the effects of land use 
changes (e.g., deforestation, reforestation, and natural regeneration) on 
water budgets. We attribute this result to the dominance of global 
calibration of parameters controlling lateral and groundwater flow 
(Fig. 4). Spatially distributed empirical data is rarely available for these 
processes. 

4.3.1. Potential limitations of this approach. 
In our global sensitivity analysis, we did not consider the impact of 

model setup (number of sub-basins and HRUs). However, our study 
addresses the uncertainty associated with model parameterizations, 
allowing the visualization of the effects of non-unique parameter sets. 
Many authors recognize that the impact of this factor is generally more 
significant than model setup by several orders of magnitude (Schürz 
et al., 2019; Jha et al., 2004). The selection of HRUs considers a land 
cover threshold of 5% given the significant computation time required 
to run this analysis. This threshold was used to reduce the computational 
costs without significantly compromising the simulation accuracy. 
However, we recognize that this practice reduces the effects of small 
land covers at the outlet (Schürz et al., 2019). Uncertainty in data such 
as the rainfall interception and evaporation used in this study may be 
very high due to the complex terrain. Finally, we were not able to 
completely isolate the response of unique HRUs because the four studied 
micro-catchments were not entirely covered by a unique land use and 
slope class (Table 1). These heterogeneities may have influenced our 
results. 

5. Conclusions 

SWAT-T was capable of accurately mimicking the annual vegetation 
growth, simulating streamflow at the main outlet, and predicting a low 
influence of surface runoff in zones of tropical montane cloud forest in 
central Veracruz, Mexico. However, the model incorrectly predicted the 
dominance of lateral flow versus deep groundwater flow as observed by 
isotope-based studies. Our results thus support the hypothesis that the 

single active aquifer formulation of SWAT is unable to adequately 
reproduce the complex response in groundwater dominated catchments. 

The model parameterized with the HA method for PET computation 
(SWAT-T-HA) produced the best goodness-of fit-results for streamflow 
and evapotranspiration. All the SWAT-T model variants resulted in an 
underestimation of forest evaporation under the wet conditions of the 
cloud forest zone of central Veracruz. Temperature-based PET methods 
(SWAT-T-HA) perform better in these areas, but for the wrong reasons 
since the use of these approaches overestimates PET and ET rates in 
areas with lower interception capacity (i.e. non-forested). The incor
poration of simpler, and more widely-accepted, interception models 
such as Liu model (Liu 2001) may improve these results for the right 
reasons. 

SWAT-T satisfactorily reproduced the Q/P and mean annual daily 
high flows in contrasting land covers (MF, IF, SC, IP). However, the 
model overestimated the mean annual daily low flow in the IP micro- 
catchment and underestimated it in the MF and IF micro-catchments. 
This result suggests that the use of the SWAT-T models in cloud forests 
underlain by permeable substrates, where ground water flow controls 
the hydrological response, requires improvement in calibration pro
cedures to incorporate local knowledge regarding the land use effects on 
the baseflow sustenance. Overall, structural improvements informed by 
field data are required to better understand and model the hydrology in 
SWAT-T. 

Our findings showed that the incorporation of local datasets from 
multiple locations and processes during the modeling calibration and 
validation is key to advance hydrological modeling tools. 
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Bremer, L.L., Hamel, P., Ponette González, A.G., Pompeu, P.V., Saad, S.I., Brauman, K.A., 
2020. Who are we measuring and modeling for? Supporting multilevel decision- 
making in watershed management. e2019WR026011 Water Resour. Res. 56. https:// 
doi.org/10.1029/2019WR026011. 

Bruijnzeel, L.A., 2004. Hydrological functions of tropical forests: Not seeing the soil for 
the trees? Agric. Ecosyst. Environ. 104, 185–228. https://doi.org/10.1016/j. 
agee.2004.01.015. 

Campos, C.A., 2010. Response of soil inorganic nitrogen to land use and topographic 
position in the Cofre de Perote Volcano (Mexico). Environ. Manage. 46, 213. https:// 
doi.org/10.1007/s00267-010-9517-z. 

Carnell, R., 2019. Lhs: Latin hypercube samples. [online] Available from: https://CRAN. 
R-project.org/package=lhs. 
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Veracruz, 1st ed. Delegación Tlalpan, México, D.F., INE-Semarnat, ISBN 978-607- 
7908-89-0. 

Pfannerstill, M., Guse, B., Fohrer, N., 2014. Smart low flow signature metrics for an 
improved overall performance evaluation of hydrological models. J. Hydrol. 510, 
447–458. https://doi.org/10.1016/j.jhydrol.2013.12.044. 

Pfannerstill, M., Guse, B., Reusser, D., Fohrer, N., 2015. Process verification of a 
hydrological model using a temporal parameter sensitivity analysis. Hydrol. Earth 
Syst. Sci. 19, 4365–4376. https://doi.org/10.5194/hess-19-4365-2015. 

Pianosi, F., Wagener, T., 2015. A simple and efficient method for global sensitivity 
analysis based on cumulative distribution functions. Environ. Modell. Software 67, 
1–11. https://doi.org/10.1016/j.envsoft.2015.01.004. 

Pianosi, F., Wagener, T., 2018. Distribution-based sensitivity analysis from a generic 
input-output sample. Environ. Modell. Software 108, 197–207. https://doi.org/ 
10.1016/j.envsoft.2018.07.019. 

Plesca, I., Timbe, E., Exbrayat, J.F., Windhorst, D., Kraft, P., Crespo, P., Vaché, K., 
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