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Abstract: One of the challenges faced by subwatershed hydrology is the discovery of patterns
associated with climate and landscape variability with the available data. This study has three
objectives: (1) to evaluate the annual recession curves; (2) to relate the recession parameter (RP)
with physiographic characteristics of 21 Mexican subwatersheds in different climate regions; and
(3) to formulate a Baseflow (BF) model based on a top-down approach. The RP was calibrated
utilizing the largest magnitude curves. The RP was related to topographical, climate and soil
variables. A non-linear model was employed to separate the baseflow which considers RP as a
recharge rate. Our results show that RP increases with longitude and decreases with latitude. RP
displayed a sustained non-linear behavior determined by precipitation rate and evapotranspiration

(
P
E

) over years and subwatersheds. The model was fit to a parameter concurrent with invariance
and space-time symmetry conditions. The dispersion of our model was associated with the product

of (
P
E

) by the aquifer’s transmissivity. We put forward a generalized baseflow model, which made
the discrimination of baseflow from direct flow in subwatersheds possible. The proposed model
involves the recharge-storage-discharge relation and could be implemented in basins where there are
no suitable ground-based data.
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1. Introduction

Baseflow (BF) is an essential component for the hydrological balance of a basin. Its study
is necessary for different purposes, such as aquatic systems’ preservation, hydroelectric energy
generation and pollutant transportation, and it also includes the effects of plant coverage changes
on surface runoff [1–3]. Long-term hydrological balance within the basin depends on water and
energy availability [4]. Budyko’s model considers this relation and associates actual and potential
evapotranspiration (energy) with precipitation (water). This model and its derivations have been
proven reliable through validation in different climate and physiographic conditions around the
world [5–8].

This approach has been utilized to predict BF; for instance, Wang and Luo [9] found an association
between the aridity index and perennial stream. The baseflow recession parameter (RP) has also been
related by means of this model; van Dick [2] noted how the parameter decreased exponentially as the
aridity index value increased. Furthermore, Beck et al. [3] observed the same trend when they correlated
climate, topography, plant coverage, geology and soil type with the baseflow recession parameter.
Their results indicated non-linear and heteroscedastic relations with satisfactory fits (R2 > 0.72). Similar
studies associated the baseflow index with geographical, climate and edaphic patterns [10,11].
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This model has the disadvantage of disregarding underwater storage, making it impractical to
model the water balance at temporal scales [12]. According to Istambulluoglu et al. [13], the model
correlates negatively as the aridity index increases, which points out the need to include the baseflow
component into Budyko-like hydrological balances on an interannual basis.

Other studies have described how hydrological balance variability and interaction within and
among subwatersheds follow similar patterns [14]. For instance, the precipitation-runoff relations
on a monthly and an annual basis tend to display non-linear behaviors, varying only in magnitude,
as shown by Ponce and Shetty [15]. These studies describe a space-time dependence that can be
labeled as symmetry, where observations from different regions can be utilized for the construction
of a generalized model with invariance principles [16,17]. The recession master curve is a symmetric
model for studying BF; however, according to Tallaksen [18], it is inconvenient due to its grouping of
n different recession curves along the year, a procedure that turns out to be time consuming if many
years are to be analyzed.

Although there are simplifications based on linear reservoirs utilized to separate baseflow [19,20],
the linear algorithm can only be successful when short periods of recession are adjusted. According
to He et al. [21], in most cases of unconfined aquifers, the storage-discharge relationship in an
aquifer represented by the curve of recession is set to a concave shape, indicating the non-linearity of
the process.

Moreover, the problem of calibrating and validating mechanistic models in Mexico is that there
is not enough data to feed these models [22]. Therefore, this research aimed at discovering new
hydrological patterns that incorporate within them the effects of the natural heterogeneity found in
different subwatersheds [14], responding to the hypothesis of a robust hydrological model, sustained
on physical limits and based on easily accessible data that can be replicated in any zone.

Therefore, the proposal of this study can be divided into three different objectives. The first one
was to evaluate the annual recession curve with a non-linear model; the second one was to relate the
recession parameter with subwatershed physiographics; and the last one was to formulate a baseflow
model supported by the symmetry and invariance principles. Our base hypothesis was that working
with annual data enables a separation of baseflow into shorter time scales.

2. Materials and Methods

2.1. Input Data

Daily runoff registers (converted into mm¨d´1) from 21 Mexican subwatersheds were gathered;
the source of this information was El Banco Nacional de Datos de Aguas Superficiales [23]. The
subwatersheds were selected so as to represent different climate characteristics (aridity index,
seasonality, humidity), as shown by Garcia et al. [24], and landscape characteristics (topography,
soil and plant coverage).

An additional criterion was that the subwatersheds were located in National Parks and Biosphere
Reserves, in order to avoid as much as possible extraneous influences on the hydrological regime
(water extraction, urban development, storage works, etc.) (Figure 1). The subwatersheds areas ranged
from 42 to 23,475 km2. The analyzed period went from 1950 to 2011, which is the period of available
hydrometric data in Mexico.

Hydrological vector data for Mexico were available at the hydrologic region, basin, subwatershed
and micro-basin levels according to the Instituto Nacional de Estadística y Geografía (Natonal Institute
of Statistics and Geography, INEGI) and the Comisión Nacional para el Conocimiento y Uso de la
Biodiversidad (National Commission for Knowledge and Use of Biodiversity, CONABIO) [25,26].
To convert flow in m3¨ s´1 to depth in mm¨day´1, it is necessary to know the area of the subwatershed
that uses the gauging station present as its reference.

The INEGI and CONABIO vectors failed to consider the previous data, which led to conversion
overestimations or underestimations. Therefore, subwatersheds were digitized based on their
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hydrometric station [27]; the former Hydraulic Resources Secretary [28] hydrological bulletins were
used as the reference.
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The Python 2.7RM (Python Software Foundation, Amsterdam, The Netherlands) programming 
language was utilized to obtain the annual average values for each subwatershed and each variable. 
The soil texture records were obtained from the Food and Agriculture Organization of the United 
Nations [31] Soil Database v 1.2. 

2.2. Recession Curves’ Selection 

The traditional analytic method for obtaining the master curve required discrimination of n 
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Figure 1. Locations for the 20 Mexican subwatersheds included in this study.

Daily precipitation and temperature data were obtained from the National Climate Grid [29]. The
grid consisted of 3147 nodes distributed across the country and separated by 27 km from one another,
which have registered daily information on precipitation and minimum and maximum temperature
from 1950 to 2013. The information in the climate grid was processed in order to estimate potential
evapotranspiration using the Hargreaves [30] method.

The data were transformed into an annual scale to enable interpolation through a cubic method.
The Python 2.7RM (Python Software Foundation, Amsterdam, The Netherlands) programming
language was utilized to obtain the annual average values for each subwatershed and each variable.
The soil texture records were obtained from the Food and Agriculture Organization of the United
Nations [31] Soil Database v 1.2.

2.2. Recession Curves’ Selection

The traditional analytic method for obtaining the master curve required discrimination of n curves
per year, which led to a slow and operator-biased extraction process (e.g., Figure 2a). This research
proposed to select one annual recession curve per subwatershed, the one with the largest magnitude,
which makes the consideration of climate variability among the selected subwatersheds possible
(Figure 2b). Recession curves were selected, considering at least three years of hydrometric records.
The selected annual curves fit the non-linear model put forward by [32]:

Qt “ Qo

«

1`
p1´ bqQo1´b

ab
t

ff

1
b´ 1

(1)

where Qt is the recession curve for a non-linear reservoir (mm¨day´1), Qo is the initial discharge, t is
time measured in days and a (RP) and b are the model’s parameters.
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Figure 2. Recession curves’ selection through the master curve method (dotted line through the year) (a);
proposed annual recession curves selection (annual dotted line) (b).

The b exponent value ranges from 0 to 1, corresponding to studies by [32–34]. For regionalization
purposes, this exponent can be fixed to average conditions b = 0.5, which is a standard value in
unconfined aquifers [35,36].

A contribution of this work, as compared to the aforementioned non-linear models, is that the a
(RP) value was fitted and associated with a physiographic characteristic inherent to its subwatershed,
adding physical significance to the model.

The Hastie [37] criterion (Z) was applied to minimize errors in the objective function and to
optimize a:

Z “ ||y´ ry|| ` a
ÿ

wi (2)

where ry is the fitted recession curve, a is the RP and wi is the prediction error.

2.3. Spatial Predictors of the Response of Baseflow and Symmetry in the Process

The area and average slope were analyzed for each subwatershed using topographical variables.
The variables obtained from the soil database were percentages for sand, slit and clay. Finally,

precipitation due to potential evapotranspiration (NP =
P
E

) was normalized. The processed spatial
characteristics were related to RP.

RP “ f rClimate, Soil, Topographys

The analysis involved the correlation of variables with RP. A threshold of ˘0.40 (equivalent to
R2 = 0.20) was considered a potentially meaningful correlation [2]. Potential, exponential and linear
functions were calculated for all predictors. The fitting criteria were based on the R2 determination
coefficient and the root-mean-square error (RMSE). To avoid multiple methods to evaluate data
fit, these two criteria were chosen because they are the most widely used in various hydrological
calibrations [2,3,15,21].



Water 2016, 8, 98 5 of 16

2.4. Baseflow Separation

The use of a recession curve approach as done by Wittenberg [33] required inverting Equation (1),
and the baseflow was calculated by combining the recursive filters back and forward. This method
assumes that the first and last values of the hydrometric time series represent the baseflow.

This kind of model only displays a statistical array harmonically representing the low frequencies
of the surface flow, since it considers neither the intrinsic balances within a subwatershed (water and
energy balance) nor the displacement or retention that flow may be affected by (e.g., soil, vegetation
and basin shape).

The aim of this study was to find a logical relation between the recession parameter and variables
inherent to subwatersheds in order to separate the baseflow. Salas et al. [38] found non-linear trends of
the recession parameter over the baseflow. Therefore, we proposed to implement a non-linear function
in order to estimate the baseflow (BF) in reference to previously-estimated parameters and associate
the (α) model dispersion with hydrological characteristics available from the subwatersheds.

BF “ f
„

P
E

, α



(3)

The aquifers selected for this analysis were the only ones for which average transmissivity was
reported. Table 1 shows hydrogeological values for each subwatershed and its corresponding aquifer.

Table 1. Subwatershed hydrogeological characteristics [39–45].

Hydrometric
Station

Aquifer
Identifier Aquifer Type Transmissivity

(m2¨ s´1) Rock Type

9080 0859 [39] unconfined 0.0241 Riolite-tuff-acid, basalt, alluvial
11,012 1802 [40] unconfined 0.0131 Riolite-tuff-acid, basalt, alluvial
12,601 1502 [41] unconfined 0.0370 Alluvial, riolite
18,271 1701 [42] unconfined 0.0180 Basalt, sandstone
23,022 0711 [43] unconfined 0.0018 Basalt
24,038 0512 [44] unconfined 0.1761 Limestone, sandstone
24,150 0507 [45] unconfined 0.0902 Alluvial, limestone

3. Results

3.1. Recession Curves

The average recession curves for 21 Mexican subwatersheds were obtained. Table 2 presents
calibration results for the curve model. In general, the observed data fit well to the proposed model
(R2 > 0.88). The largest magnitude curve was found to be located in the southwest part of the country
(San Pedro, Chiapas, hydrometric station Number 30,067), whereas the lowest value was located in a
subwatershed in the Mexican northwest (Río Salado-Anahuac, hydrometric station Number 24,038).

Table 2. Average recession constant fitting summary.

Hydrometric
Station Subwatershed Name Longitude

(˝)
Latitude

(˝)
Number of
Recessions

Surface
(km2)

Fitted
Value R2

9010 R. Bavispe-Angostura ´109.36 30.61 3 14,188 6.4 0.92

9080 R. Papigochic ´108.30 29.13 4 1856 14.3 0.96

10,098 R. Alamos ´108.76 26.59 4 1813 12.7 0.91

11,012 R. San Pedro ´105.14 21.96 4 11,924 36.0 0.92

15,010 R. Purificación ´104.50 19.56 4 168 54.8 0.93

18,157 R, Atoyac ´98.23 19.23 6 258 125.3 0.95
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Table 2. Cont.

Hydrometric
Station Subwatershed Name Longitude

(˝)
Latitude

(˝)
Number of
Recessions

Surface
(km2)

Fitted
Value R2

18,169 R. Tilostoc ´100.11 19.17 4 154 212.6 0.93

18,271 R. Apatlaco ´99.22 18.84 6 364 15.3 0.88

18,466 R. Tilostoc-Anahuac ´100.25 19.27 3 124 100.0 0.91

18,489 R. Tilostoc-set ´100.12 19.22 3 317 113.4 0.95

23,011 R. Zanatenco ´93.74 16.08 6 166 43.0 0.96

23,022 R. Sesecapa ´92.87 15.46 3 125 90.9 0.90

24,038 R. Salado ´100.13 27.22 3 23,475 4.0 0.97

24,150 R. Salado de Nadadores ´100.94 27.42 6 21,520 25.0 0.94

24,198 R. Monterrey ´100.36 25.66 6 5412 91.0 0.94

26,268 R. Tampán ´99.21 21.65 4 8722 22.0 0.92

27,083 R. Necaxa ´97.87 20.25 5 562 140.3 0.98

28,135 R. Papaloapan ´95.84 18.30 3 20,263 87.5 0.92

30,067 R. San Pedro Mar ´93.09 16.06 5 42 235.0 0.92

12,574 R. Gavia ´99.87 19.42 5 37 3.5 0.93

12,601 R. Sila ´99.71 19.77 3 36 12.5 0.96

Note: R. = River.

Figure 3 shows the recession pattern spatial trend based on geographical location. It was
demonstrated that the RP increases both ways, by decreasing longitude and increasing latitude.
The RP values were rescaled to one.
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3.2. Baseflow Response Spatial Predictors

The dependence of the RP on climate and topographical variables is presented in Figure 4. The
relation between the percentages of sand, slit and clay and RP was weak (R2 < 0.14), indicating that the
soil variables considered do not affect the fitted parameter. Area and slope were slightly predictive of
the parameter (R2 > 0.30); however, these variables were not statistically significant (p > 0.05). With
regard to normalized precipitation (NP), a marked non-linear trend with RP was observed (R2 > 0.43),
and so, this climate variable was chosen as the principal parameter predictor. The remaining 57% of
variance was not explained by this variable. Equation (5) represents this dispersion in the model.Water 2016, 8, 98 7 of 16 
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Figure 4. Relation between recession parameter and landscape and climate variables
among subwatersheds.

Figure 5 presents the fitting of the proposed model (Equation (4)), and it shows the variability
among subwatersheds (represented by their hydrometric station) and the annual variability of the RP
and NP relation for 21 selected subwatersheds. Figure 5a shows the long-term average for RP and NP.
Figure 5b presents the corresponding interannual relation. Both relations fit better to the following
exponential model:

1
a
“ 1´

¨

˚

˚

˝

1´ exp

˜

P
E

¸´α
˛

‹

‹

‚

(4)

A closer fitting was found for the long-term relation (R2 = 0.51, RMSE = 0.12) as compared to the
interannual relation (R2 = 0.35, RMSE = 0.71). The interannual variability showed a higher dispersion
than the average long-term variation; even so, this trend and the α fitted parameter were similar
in both cases (3.88 vs. 4.22). In this study, the model dispersion (Equation (4)) was associated with
the predominant type of rock in each subwatershed and its transmissivity. Transmissivity data were
available for only seven subwatersheds.

Figure 6a presents this relation; the storage-discharge relation for subwatersheds with limestone
and sandstone surface structures was the most direct (higher RP and transmissivity values), such as
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the Río Salado and Río Salado de Nadadores subwatersheds (hydrometric station Numbers 24,038
and 24,150). On the other hand, subwatersheds where basalt and crystal rocks are predominant
revealed low RP values (e.g., Río Sesecapa, station Number 23,022). At subwatersheds presenting
a mixture of permeable and impermeable rock types, the recession curve values were intermediate
(e.g., Río Apatlaco, station Number 18,271).
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Figure 6b shows the relation between the model’s (Equation (4)) α parameter and the product of
P
E

by the average transmissivity for each aquifer (τ). A potential model (Equation (5)) was proposed

in order to fit this trend (R2 = 0.96, RSME = 0.57). The model depends on two parameters: µ is the
maximum reported transmissivity for Mexican aquifers (which could be fixed), and θ is the model’s

variation rate in relation to
P
E

.

α “ µ

»

—

—

–

¨

˚

˚

˝

θ

ˆ

P
E
˚ τ

˙

1`
ˆ

θ ˚

ˆ

P
E
˚ τ

˙˙

˛

‹

‹

‚

fi

ffi

ffi

fl

(5)

3.3. Baseflow Separation

The daily rainfall and streamflow time series were compared to each other. Generally, a more or
less one-day lag-time was observed between maximum precipitation events and runoff. We proposed

an exponential model, Equation (9), contemplating the recession curve based on
P
E

in order to separate
the baseflow with the following frontier conditions:

P ą Qd ą BF (6)

QF Ñ Qd, i f :
P
E
Ñ 0 (7)

Max
ˆ

P
E

˙

t´2
Ñ Max pQdqt´1 Ñ Max pBFq (8)

Precipitation (P) will always be larger than surface runoff (Qd), which in turn will be larger than
baseflow (BF; Equation (6)). The exponential function (Equation (9)) of the model allows BF to come

closer to direct flow when
P
E

is zero (Equation (7)).
The maximum BF events continued after a day with the highest surface runoff and after two

days of maximum precipitation (Equation (8)). The proposed generalized model depends on only one
parameter estimated in Equation (5):

BF “ Qdtt´1

»

—

—

—

—

—

—

—

—

—

—

—

–

Exp

¨

˚

˚

˚

˚

˚

˝

´1´

¨

˚

˚

˚

˚

˚

˝

exp

¨

˚

˝

P
E

˛

‹

‚

´α

t´2

˛

‹

‹

‹

‹

‹

‚

˛
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The BF separation for two subwatersheds with different climate conditions can be observed in
Figure 7. The baseflow index (IFB), a proportion of total flow and BF, ranged from 0.39 to 0.36 at the
Zanatenco and El Tecolote subwatersheds (hydrometric Stations 23,011 and 15,010).

Our results were justified and based on accurate observations of each area. The Zanatenco
subwatershed has a precipitation rate higher than 3000 mm per year, whereas the El Tecolote
subwatershed presented an annual mean precipitation of 1000 mm. This is the reason why we
observed a difference in runoff magnitude in Figure 7.
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4. Discussion

Estimating baseflow is a key challenge for hydrological research in Mexico, since there is a lack
of large-scale information on subterranean waters dynamics. This study proposed a model based on
precise analytical observations of different subwatersheds in the country to estimate baseflow with
easily available information and a pragmatic approach.

The model proposed in this research is based on the observation of patterns of invariance
and symmetry between sub-basins, rather than empirical adjustments. The response variable
(rainfall-evapotranspiration) is hypothesized to be dependent on the availability of water and energy
by exponential models, providing a physical explanation to the modeling, besides being feasible to
implement, since these variables are readily available at the most basic climatological station.

4.1. Recession Curve

Generally, recession curve analysis is one of the most accurate methods for estimating
BF [30]. Considering the top-down approach by Sivapalan [46] and Sivapalan´s proposal of a
unified hydrological theory [14], this study proposes analyzing different hydrographs per year and
subwatershed, which allowed us to obtain recession curves for different climate, topographic and
edaphic conditions more efficiently than the master curve method.

Parametrization of recession curves usually implies the use of linear models, where the aquifer’s
storage is to be directly proportional to its retention parameter [47]. As occurred in Wittemberg and
Gan and Luo [33,35], it was observed that recession curves in actual conditions have a concave shape
and the estimated parameter steadily increases with decreasing runoff, a strong indication of the
non-linearity of the process.

While Thomas et al. [48] compared the characteristics of the recession curve between linear and
nonlinear models, the results were inconsistent in the linear model, and the authors recommended
applying the nonlinear algorithm in sub-basins of New Jersey, USA. Stewart [49] showed that the
direct flow and base flow in New Zealand watersheds have (non-linear) quadratic characteristics in
their relations.
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Equation (1) estimates recession curves based on a power law function and invariance properties
for scale changes. On various watersheds around the world, authors, such as Wittenberg [32] and
Wittenberg [50], as well as Wittenberg and Sivalapan [51], have tested that the b parameter is 0.5 on
average. This condition allowed us to only estimate RP and keep b invariant, even with heterogeneous
magnitudes of flow in different subwatersheds.

In simple terms, the RP parameter was related to the maximum flow of hydrometric records
as observed by Salas et al. [38]. This revealed information about the humidity and drought of the
subwatershed [52]. The maximum values of RP were found in high latitudes where arid climate
prevails, as observed in Figure 3. Although, low RP values were found in humid climates south
of Mexico.

Therefore, our result revealed that RP exhibits a trend associated with spatial location. RP
increases when angular coordinates decrease. This trend was also found by Sivalapan et al. and
Beck et al. [3,16], who found patterns in the spatial distribution of their fitted parameters allowing
them to separate subwatersheds with similar conditions.

4.2. Baseflow Spatial Patterns and Model Parameterization

Different BF response spatial predictors were tested; the NP variable (
P
E

) showed the closest
fitting. The importance of using NP lies in potential evapotranspiration (E) varying much less than
precipitation (P). Given that the E depends on solar radiation, temperature and latitude, it is a function
of energy, and therefore, no major variations are expected through the years. Thus, the E is converted
as a scale natural factor for precipitation [53].

The climate index commonly used to predict the recession constant is the index of aridity.
According to Wang and Wu [9], Peña et al. [54] and Longombardi and Villani [11], it was concluded
that the baseflow patterns can be completely modeled with this index, because it considers water
and energy limits on its implementation; this type of modeling is feasible by virtue of its physical
representation of the phenomenon; and the allure of using a single parameter is that it can be applied
in countries where there is not enough data to reproduce a spatially-explicit model [7].

Meanwhile, van Dick [2] and Lacey and Grayson [55] found that the humidity index (HI) was the
most closely related variable to the baseflow constant; their studies reported a negative relationship
between baseflow and HI. Beck et al. [3] found that E, mean temperature, forest coverage and mean
subwatershed altitude had the strongest impact on BF. On the other hand, Fan et al. [56] stated that
precipitation is the main recharge source for aquifers and that baseflow’s response to precipitation
depends on the season.

In contrast to Santhi et al. [10], this study did not find a significant impact of soil texture on RP
on an annual basis (Figure 4). Other studies, such as He et al. [21] and Sanchez et al. [57], found no
relationship between recession constant and soil characteristics, but found a relation with climatic
variables. The results matched those of Haberland et al. [58], who found that the IFB was related to
rainfall and topography, but they did not observe an influence of the properties of soil type or cover in
the subwatershed.

Unlike the long-term analysis, higher variability and lower model fitting were found in the
interannual analysis. Variability was dependent on the interacting dynamics of energy and water
balances [8,53]. Furthermore, the low model fitting is due to temporary effects, such as temporary
storage, as well as macroclimate conditions, which are reflected by means of the estimated model’s
parameter in Equation (5). The marked symmetry between RP and NP exhibits climate variability
among basins and over years [6,16], suggesting that the observed trend will carry on in different
regions and that applying the same model with the previously-calibrated parameters is feasible [15].

The hydrological balance trend depends on climate conditions, and its variability was attributed
to landscape conditions [59]. This study associated the predominant rock type in each subwatershed
with its transmissivity, which in turn was associated with the model’s parameter (Equations (9)). Tague
and Gran [60] assert that subwatershed geology is a primary control in the baseflow-generation process.
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A more direct storage-discharge relation was found at subwatersheds whose soils were formed by
permeable rocks.

According to Price [61], permeable or fractured rocks can store large amounts of water, as opposed
to crystalline or very compact rocks. At subwatersheds where low-permeability rocks are predominant,
RP values were lower. The results agree with Walton [62]; this author noted that the basins with greater
groundwater discharge speed are those with low-permeability rocks. Meanwhile, Sanchez et al. [57]
found that subwatersheds with basaltic rock presence tended to be drier and to have shorter recession
times. These basins are also characterized by a low value of the index of aridity, which can accelerate
the recession rate.

4.3. Baseflow Separation

The analyzed subwatersheds were selected by virtue of their minimum anthropogenic
disturbances. Therefore, it is feasible to assume that the flow that feeds the outflow during a period of
recession corresponds to the BF.

Our research showed that the recession parameter clearly exhibited spatial patterns across

subwatersheds [63]. Subwatersheds within the same climatic conditions (similar values of
P
E

) exhibited
different RP values, which according to Brooks et al. [64] depend on local landscape features, although
in our work, it depended on the dominant lithology of each subwatershed. On account of its trend, the
recession parameter is assumed to be an aquifer’s recharge rate, which includes the intrinsic properties
of each aquifer (hydraulic conductivity, porosity, transmissivity and surface) [35].

Analyzing the RP over time, Salas et al. [38] observed that the recession curve is the scale
parameter modeling the separation of baseflow from direct flow by means of a non-linear function. This
observation is similar to that presented by Paz et al. [22,65]. When analyzing potential functions, they
concluded that if parameters match at one common point, it means that the parameters are correlated
(fit a linear function). In this case, analytical modeling can be simplified to a single parameter, and
setting one a priori value is avoided. This approach will be addressed in future research aimed at
making comparable methods of setting b subjectively or estimating it analytically.

The daily time series of rainfall and streamflow were compared. Generally, a more or less one-day
lag-time was observed between maximum precipitation events and runoff. According to Caro and
Eagleson [66], the lag-time is due to an increased hydraulic charge within the aquifer accelerating the
stored water exfiltration towards the main currents. The exponential model proposal complies with
the principle of BF never being equal to direct flow, due to the ground storage-evapotranspiration
interaction, even with no precipitation [67].

This research is based on a top-down approach, that is to say, with the information available and
hydrological support, it is possible to infer a complex phenomenon, which is commonly analyzed
under a reductionist approach [14]. One example of this is given by Gholami et al. [68], who analyzed
subterranean water fluctuations using dendrochronology with satisfactory results. These examples
challenged the paradigm of always using the same variables in hydrological studies and offered an
alternative to apply these conditions in future research.

The proposed BF generalized model requires only precipitation and evapotranspiration variables
to estimate baseflow; these variables are readily available across the country, making its operational
implementation feasible. The model has one additional distinct advantage: the maximum Qb events
correspond to the recession curve initial value. According to Aksoy and Wittemberg [34], the
aforementioned feature involves an aquifer’s recharge-storage-discharge interactions. The advantages
of applying this type of model are the possibility of interpreting parameters by their association with
observable physical features and operative parsimony [69].

The analysis presented in this paper separated the BF for 21 Mexican subwatersheds. Furthermore,
a coherent digitalization for each acquisition area was obtained, i.e., the measuring station was deemed
the starting and ending point for determining each subwatershed surface, which contrasts with current
basin cartographic products in the country.
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The climate grid contains information under quality control standards, which allows for certainty
regarding input data. Furthermore, the basin-to-basin analysis of annual recession curves showed the
intrannual interaction within those basins due to climate variability.

Although information on vegetation and groundwater levels is not available operationally in
the country, this study was directed towards the discovery of patterns in the obtainable data and the
formulation of hypotheses concerning subwatershed interactions, aiming to avoid the redundancy of
using observations to calibrate a priori constructed models [14].

5. Conclusions

The results of this study demonstrate that baseflow (BF) can be separated from direct flow by using
a single-parameter non-linear model. The higher variability and low model fitting of our proposed
model was related to subwatershed geology and climate variables. This allowed us to use variables
that are easily available in the country. It was feasible to calibrate the non-linear model using only the
longer duration recession curve, unlike the traditional approach using the master curve.

The recession curve maintains a symmetric trend over years and within measured subwatersheds
located in protected natural areas with diverse landscapes and climate conditions in Mexico. The BF
generalized model is a result of accurate observations from different geographic regions in the country,
and so, it can be utilized for separating BF in non-measured basins. Our ensuing research considers
analyzing the interaction of BF with available ground humidity for short time scales.

Despite the limited information, the generalized BF model may represent a baseline for the
generation of alternative modeling approaches. Such an accomplishment should include functional
elements that explore the baseflow behavior based on multiple spatial and temporal scales. In order to
improve the calibration model, we recommend incorporating local variables (e.g., canopy, soil moisture,
groundwater levels), and we also suggest including subwatersheds affected by anthropogenic activity,
so as to analyze flow changes ascribable to climate oscillation or human influence.
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