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Abstract: This study investigates the performance of baseflow separation methods in a small rural catchment, emphasizing
the calibration of three Recursive Digital Filters (RDFs): Eckhardt, Lyne and Hollick (LH), and Chapman and Maxwell (CM).
By integrating dissolved silica concentration as a reference tracer, the study refines the parameterization of BFl,. in the
Eckhardt’s filter and Beta in the LH filter. An innovative event-specific calibration methodology was applied, where rainfall
events were categorized by intensity to tailor filter parameters accordingly. Results indicate that the Eckhardt’s filter, when
calibrated dynamically per event magnitude, yields the most accurate baseflow estimates, closely aligning with observed data.
The event-based calibration significantly enhanced accuracy, particularly for the Eckhardt’s and LH filters, compared to a
general calibration method. The CM filter, despite generating reasonable hydrograph shapes, consistently underestimated
baseflow due to its fixed parameters. These findings highlight the necessity of customized calibration strategies for improved
baseflow separation and underscore the superior performance of the Eckhardt’s filter when integrated with event-specific
calibrations. This research offers practical insights for hydrologists aiming to optimize baseflow modeling in rural catchments,

contributing to improved water resource management and conservation.
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1. Introduction

Baseflow, a key hydrological component sustaining river flow during dry periods, originates from groundwater discharge and
delayed subsurface contributions. Accurate quantification of baseflow is essential for managing water resources, designing
infrastructure, and maintaining ecological stability (Apurv & Cai, 2020; Beatty et al., 2010; Glas et al., 2023; Gomez et al.,
2020; Miller et al., 2016; Murray et al., 2003; Walker, 2023). However, direct measurement remains challenging due to

complex interactions between surface and subsurface hydrological processes.

Measuring baseflow presents significant challenges, often requiring extensive resources due to the reliance on tracer-based
methodologies or aquifer-level monitoring, both of which can be costly and time-intensive (Vasconcelos et al., 2013). To
address these limitations, Recursive Digital Filters (RDFs) have been developed as an alternative approach for estimating
baseflow using streamflow data (Chapman & Maxwell, 1996; Eckhardt, 2005; Furey & Gupta, 2001; Lyne & Hollick, 1979).
Although most RDFs do not explicitly simulate the underlying physical mechanisms governing baseflow — except for the
model proposed by Furey & Gupta (2001) — they remain widely utilized in hydrological studies. These methods are particularly
valued for their ability to produce hydrologically plausible baseflow hydrographs with smooth transitions (Xie et al., 2020),
generate consistent and reproducible results (Arnold et al., 1995; Ladson et al., 2013; Su et al., 2016), and offer computational

efficiency, making them easy to implement and automate (Li et al., 2013; Su et al., 2016).

In addition to streamflow data, RDFs require specific parameters that are designed to accentuate the slowly changing, persistent
characteristics associated with baseflow hydrographs, while attenuating the faster fluctuations related to quickflow (Chapman
& Maxwell, 1996; Eckhardt, 2005, 2008; Lyne & Hollick, 1979; Nathan & Mcmahon, 1990; Sloto & Crouse, 1996). Therefore,
choosing the right parameters is crucial for RDFs to produce reliable outcomes. There is a growing trend towards utilizing
independent baseflow estimates (such as tracer-based baseflow) in RDF calibration (Gonzales et al., 2009; Helfer et al., 2024),
even though the filters offer non-calibration opportunity, with the selection or derivation of filter parameters based on

catchment characteristics (Chapman & Maxwell, 1996; Eckhardt, 2005; Nathan & Mcmahon, 1990).

The simplest RDF filters are those that rely on one single parameter. Two widely used one-parameter filters are the models
developed by Lyne and Hollick (1979), referred to as ‘LH’, and Chapman and Maxwell (1996), referred to as ‘CM’. The LH

model is expressed as:

1+ .
qfLH; =B X qfLH;_; + — X (¢ — q¢-1) , subjecttoqf; =0 €Y

where gfLH, is the quickflow at time ¢, gfLH,.; is the quickflow at time -/, g, is the total streamflow at time ¢, and g, is the
total streamflow at time #-/. The filter parameter, S, regulates the separation process. Baseflow at each timestep, gbLH,, is
determined by subtracting quickflow from the total streamflow, following the equation ghLH; = g, — qfLH,. This filtering
process is typically executed in three iterations: a forward pass, a backward pass (where the #-1 timestep is replaced by #+1),

and a final forward pass. During the first forward pass, ¢; is substituted with the baseflow calculated in the preceding pass.
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These sequential iterations help to refine the baseflow hydrograph by smoothing fluctuations and introducing a slight delay in

the baseflow peak relative to quickflow (Murphy et al., 2011).

For the Beta parameter (f), the common reference value is 0.925 (Arnold & Allen, 1999; Arnold et al., 1995; Ladson et al.,
2013; Nathan & Mcmahon, 1990), with values within the range 0.90 — 0.95 claimed to yield the most reliable baseflow
hydrographs (Nathan & Mcmahon, 1990). However, comparisons of modelled and measured baseflow values derived from
tracer observations have indicated optimal values above this range. For example, a study in the Murray Darling Basin by
CSIRO & SKM (2010) reported by Ladson et al. (2013) found a Beta value of 0.98 to yield more accurate baseflow separations.
This finding is supported by Zhang et al. (2017), who identified Beta values between 0.943 to 0.987 across five Australian
catchments as more effective. Li et al. (2013) noted the limitations of the 0.925 Beta parameter, especially in catchments with
soils of low hydraulic conductivity, pointing out the necessity for catchment-specific calibrations due to the filter’s sensitivity.
Conversely, Mau and Winter (1997) identified a Beta value of 0.85 as optimal for a small mountain catchment in New
Hampshire, noting that values above 0.85 led to unrealistic baseflow estimates. The recommendations to utilize the recession
constant as the Beta parameter by researchers such as Eckhardt (2005), Tan et al. (2009a), Zhang et al. (2017), Mugo and
Sharma (1999) accentuate the variability in selecting appropriate Beta values across hydrological studies. This variability
emphasizes the need for further investigation and catchment-specific adjustments, as reinforced by Ladson et al. (2013). This
calibration becomes even more important due to the high sensitivity of the filter to the Beta parameter. For instance, Nathan
and Mcmahon (1990) observed that a +3% change in the parameter could alter the baseflow index (BFI — the long-term ratio
of baseflow volume to the total volume of streamflow) value by as much as +14% and -26%, highlighting the critical nature

of precise Beta parameter selection.

Despite these challenges in parameter determination, the LH method has been extensively applied in hydrology. It is the
approach used in the “Low flow atlas for Victorian streams” (Nathan & Weinmann, 1993) and the method recommended by
the “Australian Rainfall and Runoff” guidelines (Murphy et al., 2011). It is also the algorithm used in the BFLOW program
(Arnold & Allen, 1999). Other examples include the work by Lacey and Grayson (1998), who applied the method in 114
catchments with areas < 192 km? in Victoria (Australia), the work by Nathan and McMahon (1992), who applied the method
to 186 catchments in Victoria and New South Wales (Australia), research by Mugo and Sharma (1999) who applied the filter
in three catchments in Kenya with areas ranging from 0.36 to 0.65 km?, and the studies by Tan et al. (2009a; 2009b), who
applied the method to a 5.6 km? in Singapore.

The CM model (Chapman & Maxwell, 1996) is another one-parameter filter and is given as:

a l1—a
X quMt—l +m X q¢ (2)

M, =
qbCM, g
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where gbCM, is the CM filter baseflow at time ¢, gbCM,.; is the CM filter baseflow at time ¢/, and « is the filter parameter,
given by the baseflow recession constant. In the CM and LH models, when the calculated baseflow at a specific time step

exceeds the total streamflow, the baseflow value is capped at the total streamflow value.

The CM method has been largely studied and applied in hydrology (Chapman & Maxwell, 1996; Cheng et al., 2022; Indarto
et al., 2016; Kang et al., 2022; Lei et al., 2011; Qiutan & Yong, 2019; Tan et al., 2009a; Tan et al., 2020). A key advantage of
this method is its reliance on a single parameter — the recession constant (assumed to be time-invariant), which simplifies the
employment of this filter. This constant can be readily and reliably determined by analyzing the recession sections of observed
streamflow hydrographs (e.g. Tallaksen, 1995). Notably, research has shown that better separation typically occurs when the
recession constant value is high (> 0.90) (Indarto et al., 2016; Kang et al., 2022).

Another largely employed RDFs is the Eckhardt’s filter (Eckhardt, 2005), a two-parameter model, given as:

(1 — BFlpgy) X a X QbECK,_; + (1 — @) X BFLyax X q;
1 —a X BFlyg,

qbECK, = 3)

where BF,.x [0,1] is the model parameter (time-invariant), representing the highest BFT that the filter can compute.

The Eckhardt’s filter is usually preferred over other RDFs for more accurate baseflow values and versatility across catchment
sizes and types, as demonstrated by various studies (Eckhardt, 2008; Gonzales et al., 2009; Helfer et al., 2024; Latuamury et
al., 2022; Minea, 2017; Narimani et al., 2023; Shao et al., 2020; Xie et al., 2020). Its main disadvantage, however, is its
dependence on two parameters — recession constant and BFI,q.. BFl... values are often chosen based on hydrogeological
characteristics of catchments, with empirical determinations suggesting values between 0.70-0.80 for perennial streams with
porous aquifers, 0.50 for ephemeral streams, and 0.20-0.25 for hard rock aquifers (Eckhardt, 2005, 2008). Baseflow estimation
is often influenced by this arbitrary selection of BFI,..., leading to uncertainties and inaccuracies, particularly because the filter
is highly sensitive to this parameter (Eckhardt, 2012; Narimani et al., 2023; Okello et al., 2018; Zhang et al., 2017). Studies
highlight the importance of calibrating BFI,.. against other flow separation methods or tracer-based data, and have
demonstrated that site-specific calibration can improve the algorithm’s performance significantly (Gonzales et al., 2009; Helfer
et al., 2024; Kouanda et al., 2018; Su et al., 2016; Zhang et al., 2013). This need for calibration is further supported by the fact
that BFI is influenced by various factors beyond hydrogeology. These include, for example, precipitation and
evapotranspiration, and relationships between the two, such as the aridity index (Beck et al., 2013; Haberlandt et al., 2001;
Lacey & Grayson, 1998; Mwakalila et al., 2002; Wu et al., 2019; Yao et al., 2021), soil properties such as infiltration, drainage
capacity, water storage capacity and hydraulic conductivity (Ahiablame et al., 2013; Beck et al., 2013; Bloomfield et al., 2009;
Longobardi & Villani, 2023; Yao et al., 2021), topographic factors such as slope, area, drainage density, altitude (Beck et al.,
2013; Haberlandt et al., 2001; Lacey & Grayson, 1998; Mazvimavi et al., 2004; Mehaiguene et al., 2012; Mwakalila et al.,
2002), land use and occupation (Lacey & Grayson, 1998; Mazvimavi et al., 2004), and seasonality (Longobardi & Villani,
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2023; Sun et al., 2023). Therefore, it is essential to calibrate BFI,,. against other methods and data sources to ensure accurate

and reliable baseflow estimation.

The calibration of BFI,... can be effectively achieved by leveraging baseflow values derived from tracers and the mass balance
equation. Among tracers, dissolved silica (DSi) has emerged as a particularly effective tool for determining baseflow values,
as demonstrated in studies such as Helfer et al. (2024) and Gonzales et al. (2009). DS, a stable and easily detectable product
of rock weathering (Asano et al., 2003; Cook, 2015; Kennedy, 1971; Laudon & Slaymaker, 1997; Stewart et al., 2007), offers
distinct advantages due to its natural abundance and its ability to differentiate between flow components. Pre-event
groundwater (“old water”), influenced by prolonged water-rock interactions, typically exhibits high DSi concentrations
(Hendershot et al., 1992; Margais et al., 2018; Scanlon et al., 2001), while surface runoff and soil interflow (event waters, or
“new water”) are characterized by much lower levels (Beighley et al., 2005; Hendershot et al., 1992; Scanlon et al., 2001).
These contrasting DSi concentrations make it an ideal tracer for distinguishing baseflow from quickflow, thereby enabling the
refinement of RDF parameters. During the calibration of BFI,..x, an objective function can be applied to minimize discrepancies
between filter-derived and tracer-derived baseflow values, optimizing the BF1,.. parameter for improved accuracy (e.g., Helfer

et al., 2024; Gonzales et al., 2009).

The Collischonn and Fan (2013) method offers an alternative approach for determining BF1,, in scenarios where tracer data
is unavailable. This technique relies exclusively on streamflow data and the recession constant and can be easily applied and
automated. However, its effectiveness is yet to be confirmed through comparison with tracer-based studies. The method’s
credibility is currently grounded more in theoretical assumption than in concrete, empirical validation. Additionally,
preliminary findings from Helfer et al. (2024) indicate that the method might produce inaccurate baseflow separation outcomes

if the recession of interflow is not significantly faster than that of baseflow.

Taking the aforementioned factors into account, the overarching aim of this study is to improve the understanding and
knowledge of the calibration and application of three baseflow separation filters. In the context of a small (< 1.2 km?) rural

catchment located in the south of Brazil, the specific objectives are:

1) To calibrate the BFI,, and Beta parameters for Eckhardt’s and Lyne and Hollick’s (LH) filters. This calibration
will utilize a method that aims to reduce the percentage bias between the baseflow estimates produced by these

filters and those obtained from dissolved silica concentration analyses.

2) To assess and contrast the performance of the calibrated Eckhardt’s and LH filters alongside the Chapman and
Maxwell (CM) filter in generating baseflow hydrographs for the catchment. The evaluation will focus on the

hydrographs’ shapes, the timing of baseflow peaks, and baseflow to streamflow ratio.

3) To examine the performance of the Eckhardt’s and LH filters using an ‘event calibration approach’. This method
involves determining three distinct BF/,.. and Beta values, each associated with the intensity range of rainfall-

runoff events recorded in the study area.



145 2. Methodology
2.1. Study site and data collection

The Arvorezinha catchment is located in Brazil’s southern region (Fig. 1), at coordinates 28°49'35"S 52°12'30"W. Its drainage

area is 1.2 km? and its primary creek — the Lajeado Ferreira — is a perennial stream with an average channel slope of 9%. It is

made of two perennial branches, one with a length of 1.5 km, and the other with 1.6 km. The creek joins the Guapore River,
150 which is a tributary of the important Taquari River, within the South Atlantic Hydrographic basin.
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Figure 1: The Arvorezinha catchment and its location in southern Brazil, along with its monitoring network and elevation
map. Rain gauges are indicated by yellow circles, the pluviograph, by a pink cross, and the catchment outlet, by a blue

triangle.

155 In terms of geology, the catchment is largely made up of igneous rocks, particularly basalts and rhyodacite, and sits at
elevations between 580 and 730 meters above sea level (Tiecher et al., 2017). The terrain in the upper third is relatively gentle,
with average slope gradients around 7%, while the middle and lower thirds are more undulated, featuring slopes with higher
gradients, sometimes exceeding 15% (de Barros et al., 2014; Minella et al., 2022). Event hydrographs at the catchment outlet
typically show lag times varying between 1 to 3 hours (Helfer et al., 2024).
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The climate in this area is classified as Cf, (subtropical super-humid with no distinct dry season) by Koppen. Annual
precipitation varies between 1250 and 2000 mm. The average annual rainfall from 2002 to 2016 was recorded at 1938 mm by
Ramon (2017). Long-term monthly rainfall totals typically range from 115 mm to 170 mm, with the highest rainfall volumes

and runoff intensities occurring during the spring months (September to November).

The soils in the catchment are varied: Acrisols (i.e. ‘Argissolos’ as per the Brazilian SiBCS Taxonomy System - (Santos et al.,
2018)) make up 60% and are primarily found in the upper parts, Leptosols (i.e., ‘Neossolos Litdlicos’) constitute 33% and are
located in the lower areas, while Cambisols (‘Cambissolos’) account for 7% and are interspersed among the other soil types
(de Barros et al., 2021; Silva et al., 2021). Leptosols and Cambisols are shallow, with a sandy top layer and no subsurface
horizon, lying directly above the igneous bedrock. This structure allows for high infiltration but limited water retention, leading
to quick surface and sub-surface runoff, except in areas with fractured bedrock. Acrisols, on the other hand, are deep soils and
have a sharp texture change between the A and B horizons, with the B horizon containing more clay and lower infiltration

capacity, resulting in slower infiltration and higher moisture retention in the top layer.

The catchment is predominantly rural. Farm sizes range from 5 to 20 hectares, often with low-tech farming practices and
diverse land use (de Barros et al., 2021). The main land uses include tobacco farming (13.1%), soybean and maize crops (24%),
eucalyptus plantations (34.8%), pastures and grasslands (5.2%), native forests (15.5%), and other varied uses (7.4%) (Ramon,
2017).

The Arvorezinha catchment has been a center for hydrological and erosive process research since 2002, equipped with an
extensive hydrological monitoring network to study sediment generation, contamination and soil conservation practices (e.g.
de Barros et al., 2021; de Barros et al., 2014; Merten & Minella, 2005; Minella et al., 2022; Ramon et al., 2017; Silva et al.,
2021; Tiecher et al., 2021; Uzeika et al., 2012). For precipitation measurement, the setup includes a pluviograph providing 10-
minute interval data and two pluviometers recording daily totals. Streamflow data are acquired using a water level encoder
and a flume with a 1.829 m throat width. Water level readings, taken every 10 minutes, are converted to flow rates using a

stage-discharge rating curve specifically calibrated for this flume.

Relevant to this study, dissolved silica concentrations (DSi) were determined from water samples collected at the catchment’s
outlet using a USDH-48 sampler (USGS, 1965). Although the overall monitoring of DSi spanned from 2010 to 2015,
encompassing over 250 rainfall events with peak flows between 5.0 Ls! and 5,000 L.s™!, intensive DSi and flow monitoring
focused on just 15 specific events (listed in Table 1). During these selected events, DSi sampling frequency varied from every
30 minutes to 4 hours based on the event characteristics, enabling the identification of crucial baseflow hydrograph points such
as the pre-event level, peak, and recession. Detailed methodologies for DSi analysis are documented in the works of de Barros

(2016) and de Barros et al. (2021).
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Table 1: Characteristics of the 15 rainfall-runoff events analyzed in this study for baseflow hydrograph determination using

DSi measurements.

Event Date ll)vsl;T;;;fefs (n%m ;l-xl) (n%mgl) (1:1;1) (mnj‘ll.'h'l) (11:)
1 17/07/2011 14 3277.6 0.054 107.7 5.82 18.5
2 01/10/2011 7 56.0 0.015 204 6.12 3.3
3 06/07/2012 9 518.4 0.003 105.0 4.63 22.7
4 26/08/2012 4 432 0.007 36.1 1.85 19.5
5 09/09/2012 6 35.3 0.012 27.0 5.22 52
6 12/03/2013 8 230.8 0.044 32.1 5.35 6.0
7 23/09/2013 6 5324 0.031 37.1 7.68 48
8 26/10/2013 10 4453 0.043 352 8.45 42
9 19/03/2014 3 125.1 0.018 34.3 479 72
10 23/07/2014 13 493.0 0.027 552 6.25 8.8
1 07/07/2015 1 535.1 0.080 487 221 22.0
12 12/07/2015 6 195.8 0.048 15.4 271 5.7
13 13/07/2015 15 582.7 0.079 57.2 5.20 11.0
14 23/07/2014 6 998.0 0.266 28.1 497 5.7
15 15/07/2015 3 353.2 0.190 12.1 1.54 7.8

Notes: Omax refers to the peak streamflow observed within the event, captured in a 10-min interval dataset, while Qi reflects the lowest
streamflow recorded. P: denotes the total rainfall throughout the event, M; represents the average rainfall intensity during that period, and D
indicates the duration of the event, measured in hours.

The estimation of baseflow rates from DSi concentrations was carried out using a mass balance approach, represented by the

following equation:
q X DSiy = qbps; X DSigy +qs X DSigs “4)

where DSi, corresponds to the measured DSi concentration in the observed streamflow (g), DSig, represents the

concentration of DSi associated with (gbps;), and DSi,s is the DSi concentration in quickflow (gs) during rainfall events.

An important assumption in this tracer-based separation method is that quickflow (gs) carries an insignificant amount of DSi,
meaning DSigs = 0 (de Barros, 2016; Gonzales et al., 2009). This assumption is justified by two key considerations. Firstly,
since quickflow primarily originates from precipitation, its DSi content is minimal (Beighley et al., 2005; de Barros, 2016;
Hugenschmidt et al., 2014; Rodhe, 1998; Wels et al., 1991). Secondly, quickflow has limited interaction with silica-enriched

sediments, unlike groundwater, which undergoes prolonged contact along deeper subsurface pathways (Hendershot et al.,

1992; Rodhe, 1998; Wels et al., 1991). Given this, the mass balance equation simplifies to: gbpg; = q X %.
qb

The DSi concentration corresponding to baseflow (DSig;) was determined from streamflow samples collected after extended

dry periods, during which streamflow was assumed to be entirely sustained by groundwater (Beighley et al., 2005; Gonzales
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et al., 2009; Wels et al., 1991). This concentration exhibited stability over time (de Barros, 2016), making it a reliable indicator

of the DSi signature of groundwater and, consequently, baseflow in the catchment.

The Arvorezinha catchment functions predominantly as a shallow, fast-responding hydrological system (de Barros et al., 2016;
Helfer et al., 2024). Fractured basalt bedrock and varied soil depths promote both rapid infiltration and quickflow during
rainfall events. However, during dry periods and low-intensity rainfall events, baseflow is primarily sustained by groundwater
discharging from these fractured substrates. Previous studies (e.g. de Barros et al., 2016; Helfer et al., 2024) and our DSi data
confirm that old groundwater contributes significantly to baseflow, as evidenced by stable, elevated silica concentrations
during non-event flows. Quickflow contributions, carrying little to no dissolved silica, dominate during high-magnitude events,
resulting in dilution effects. This conceptual understanding provides a sound basis for interpreting the baseflow separation

results and evaluating RDF performance against DSi-derived baseflows.

2.2. Recession constant — a parameter for the Eckhardt’s and CM filters

Prior to calibrating the filters using the baseflow values derived from DSi, the methodology involved calculating the recession
constant, a. The recession constant is required for both the CM and Eckhardt’s filters (see Equations 2 and 3). The calculation
of a involved establishing a linear relationship between the flow rates during recession phases at time ¢, and the flow rates at
the next time step, ¢+, following the methodology proposed by Eckhardt (2008) and Vogel and Kroll (1996), as represented
by Eq. 5:

qbirr =a X qb; 5)

To determine the recession constant, data from 254 hydrographs recorded between 2010 and 2015 at 10-minute intervals were
analyzed. The onset of the recession phase was identified as occurring no sooner than two hours after the most recent peak
flow, ensuring that the influence of quickflow was minimized. Additionally, a sustained decline in flow for a minimum duration
of 1.5 hours was required. Once these criteria were satisfied, the flow rate (¢) was assumed to be representative of baseflow
(g0). The recession constant was then estimated by plotting gb¢+; against gb, and determining the slope of the regression line

that best fit the data, with the constraint that it passed through the origin.

2.3. Optimized BFIu. (Eckhardt’s filter) and Beta (LH filter) parameters

The calibration process for the BFI,.. and Beta parameters, used in the Eckhardt’s and LH filters respectively, involved
utilizing an objective function to determine their optimal values for the catchment across all 15 events. The goal was to identify
BFlI.c and Beta values that would minimize the Percent Bias (PBias) error. This error measured the discrepancy between the
baseflow model estimates (¢b) generated by the filters and the actual observed baseflow values (gbps;) derived from DSi data
for the 15 events. PBias represents the average bias of the model outputs, indicating whether they tend to under or overestimate
the observed values. A PBias of 0% indicates perfect agreement, positive values imply overestimation, and negative values

indicate underestimation.
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A computational algorithm was written to iteratively refine the BFI,... and Beta values, searching within their respective limits
(0.001 < BFIax < 0.999 and 0.900 < Beta < 0.999) to minimize the PBias value, aiming to bring it as close to zero as possible.

The PBias was computed using Eq. 6:

Yl (gb; — qbpsi;)

PBias = 100 x
Zf:vzl quSI.L

(6)

where gb; is the modelled baseflow computed by the filters (¢pECK or gbLH, as per Equations 1 and 3), and qbpg;; is the

silica-derived baseflow from the mass balance equation (Eq. 4).

2.4. Optimized filters: Application and comparison

After determining the optimal BFI,,.. and Beta parameters, the Eckhardt’s and LH filters (Eq. 1 and Eq. 3), alongside the CM
filter (Eq. 2), were employed to separate baseflow from the 15 analyzed rainfall-runoff events (Table 1). After the separation,
various performance metrics such as the Nash-Sutcliffe Efficiency (NSE, Eq. 7), Kling-Gupta Efficiency (KGE, Eq. 8), and
Normalized Root Mean Square Deviation (NRSMD, Eq. 10) were calculated using modelled and silica-derived baseflows to

evaluate the effectiveness of the models.

NSE (Nash & Sutcliffe, 1970) and KGE (Gupta et al., 2009) range from -co to 1, with 1 indicating perfect agreement. For NSE,
values >0 are minimally acceptable (Gupta et al., 1999), >0.5 are good (Partington et al., 2011; Su et al., 2016), and >0.8 are
excellent for daily flows (Gupta et al., 1999; Moriasi et al., 2007; Moriasi et al., 2015). Negative values indicate poor
performance (Knoben et al., 2019; Moriasi et al., 2007). For KGE, values >-0.41 suggest better performance than a constant
baseflow, while values <-0.41 are inadequate (Gupta et al., 2009; Knoben et al., 2019).

S (abosi, — abi)”
Z?’ﬂ (qusii - mean(qusii))

NSE = 1— (7

KGE=1—{(r—-12+F-1)2+ (1 —-1)2 (8)

where r is the Pearson correlation coefficient; y denotes the ratio of the standard deviation of the modeled data to that of the

observed data; and A is the ratio of the mean of the modeled data to the mean of the observed data.

NRMSD (Eq. 10) values range from 0 to positive infinity, where lower values denote improved model accuracy (perfect match
= 0). In this research, the NRMSD was calculated by dividing the RMSD (Eq. 9) by the observed baseflows’ range, to
standardize comparisons across events. NRMSD values below 20% were considered indicative of satisfactory model

performance.

10
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1
Z?’ﬂ(qbi - quSii)2>2
N

RMSD = ( €))

NRMSD = RMSD (10)
4bpsi(max) — 4bpsi(min)

2.5. Event magnitude classification

One of the objectives of this study was the calibration of the BFI,. and Beta parameters (Eckhardt’s and LH filters,
respectively) as a function of event magnitude. This calibration aimed to understand how the parameter values varied in
response to events of differing intensities within the catchment. Before implementing this calibration, it was necessary to

develop a method for classifying the events by their magnitude.

We determined three classes based on the average recurrence intervals (ARI) of the precipitation events monitored in this study
(Table 1). The classification strategy consisted of separating the hydrographs from precipitation events with ARI less than
0.33 years, between 0.33 and 2 years, and above 2 years. This classification is because ARI > 2 years is commonly used for
small hydraulic works and represents extreme values. An ARI of 0.33 can be a divider of medium and small events as it
represents an event magnitude that occurs up to three times a year. It is important to highlight that the monitoring period was
only 2010 to 2015, which did not allow for a statistical projection of flow and association with their ARIs. Therefore, we

established this classification subjectively.

Therefore, the maximum flows (Omax) produced in the 254 precipitation and flow events during the monitoring period 2010 to
2015 were grouped for the respective precipitation classes with ARI < 0.33 year (low magnitude), 0.33 < ARI < 2 years
(medium magnitude), ARI > 2 years (high magnitude). The ARI of the 15 rainfall events was determined using the empirical
equation developed by Bell (1969) with parameters determined for the southern region of Brazil by Basso et al. (2019). The
precipitation with a duration of one day and ARI = 10 years (a parameter required for the ARI equation) was 133.48 mm
obtained through the Gumbel distribution of historical (1951-2012) rainfall series provided by the Brazilian National Water
Agency, gauge station code 2852014, located at latitude -28.93 and longitude -52.13, about 12 km from the study area.

2.6. Optimized BFIu.: (Eckhardt’s filter) and Bera (LH filter) parameters per event magnitude

Following the categorization of the 15 monitored events into the three above-mentioned event magnitude classes, the
calibration of the BFI,,« and Beta parameters was conducted using the methodology outlined in the general calibration process
(Section 2.3). However, the optimization algorithm was executed separately for each of the three event categories, resulting
in three distinct calibrations for each filter. The objective was to achieve three sets of BF /.. and Beta values, one for each
event class, that would reduce the PBias error between the baseflow calculated by the filters and the actual observed baseflow

obtained from DSi data.
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2.7. Optimized filters with event-based calibration: Application and comparison

After the optimization of the BFI,... and Beta parameters for each event magnitude class, the Eckhardt’s and LH filters, adjusted
with these new parameters, were applied to determine the baseflow hydrographs for the 15 rainfall-runoff events. After this
separation, evaluation metrics, including NSE, KGE, and NRMSD, were calculated. These metrics facilitated a comparative
analysis between the general calibration and the event-specific calibration processes, as well as a comparison among the three
studied filters. This comparative analysis included examining the hydrograph shape, the timing of the baseflow peak, and the
baseflow to total streamflow ratio, alongside a detailed review of similar values reported in the literature for catchments with

comparable characteristics.

3. Results and Discussion
3.1. Recession constant — a parameter for the Eckhardt’s and CM filters

The linear regression analysis applied to 254 rainfall-runoff events occurring during the monitoring period (2010-2015) at the
Arvorezinha catchment resulted in a recession constant of 0.952, consistent across all hydrographs, regardless of magnitude.
This consistency was expected, as such parameter is largely determined by the catchment’s inherent features like topography,

drainage, soil type, and geology (Fetter, 2001).

Baseflow recession rates typically range from 0.930 to 0.995 (Jain, 2011), positioning a 0.952 value as indicative of rapid
baseflow recession, corresponding to a decay rate of approximately 0.05 day™'. The steep catchment slopes, high soil
permeability, and basaltic geology explain this rapid recession in the Arvorezinha catchment. Additionally, the value of 0.952
is in line with Beck et al. (2013) and Santarosa et al. (2023), who reported similar, rapid recession constants across different
Brazilian climates and catchment sizes, confirming the influence of regional geophysical characteristics on baseflow recession
rates. The recession constant 0.952, found for the Arvorezinha catchment, was deemed adequate, and it was then used as an

input parameter in the Eckhardt’s and CM filters.

3.2. Optimized BFIu.: (Eckhardt’s filter) and Beta (LH filter) parameters

The optimization process aiming at minimizing the PBias between modeled and observed baseflow values (derived from DSi)
for 15 events, resulted in an optimal BF1,.x value of 0.653 for the Eckhardt’s filter and 0.965 for the Beta parameter of the LH

filter. For both models, the optimization effectively achieved a PBias close to 0.

The determined BF1I,.. value of 0.653 is in close agreement with findings from studies on small catchments, such as Zhang et
al. (2013), who found a BF 1, of 0.62 for a 14.5 km? catchment with shallow soils, and Stewart (2015), who reported a BF 4«
of 0.69 for a 2.18 km? catchment with varied soil depths (0.5 m to 3 m). This value also aligns with the results by Eckhardt
(2008) across 65 U.S. catchments, and by Okello et al. (2018) for catchments in South Africa of medium size. A BFI,.« value

of 0.653 indicates that the model assumes the maximum long-term baseflow contribution to total flow to be 65.3%. It is
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important to note, however, that this value is significantly larger than the arbitrary value of 0.25 suggested by Eckhardt (2005)

for catchments with hydrogeological characteristics similar to the one used in our study.

The optimum Beta parameter of 0.965 diverges from the commonly referenced value of 0.925 reported in the literature (Arnold
etal., 1995; Nathan & McMahon, 1990). This conventional value is often adopted globally in the absence of specific catchment
data; however, there is an indication that a larger value usually yields better separation (CSIRO & SKM, 2010; Ladson et al.,
2013; Li et al., 2013; Zhang et al., 2017), which is in alignment with the finding of our study.

3.3. Optimized filters: Application and comparison

Figure 2 shows the results of the three separation methods investigated in this study. As described in the previous section, the
formulas of Eckhardt (Eq. 3) and LH (Eq. 1) were calibrated for the parameters BFI,... and Beta, respectively, using the PBias
minimization approach, before their application in the baseflow separation of the 15 events examined in this study (Table 1).
Conversely, the CM method was implemented directly via Eq. 2, devoid of any calibration requirement for fitting parameters.

This method relies exclusively on the recession constant, a parameter considered constant for the catchment.

Visually inspecting Fig. 2, it can be seen that the Eckhardt’s (dark blue) and the CM (cyan) models yielded plausible baseflow
hydrographs, both in terms of their shape and the timing of their peaks. These models accurately follow the overall smoothness
observed in the streamflow hydrographs and exhibit a logical delayed peak when compared to the streamflow hydrograph’s
peak. Specifically, the baseflow peak occurs, on average, 1.5 hours later for the Eckhardt’s filter and 1.8 hours later for the
CM filter, in relation to the streamflow peak (noting that the second peak was considered for events featuring dual peaks). In
contrast, the LH model’s baseflows increase more gradually, reaching their peak near the end of the direct runoff hydrographs
and thus demonstrating a significantly longer delay in peak timing than the other two methods, with an average delay of 4.4
hours across the 15 events. It is also noteworthy that the baseflow hydrographs from the LH method converge with the

streamflow hydrographs much before the rainfall-runoff event ends, a behavior that appears unrealistic.

Table 2 shows the performance indicators PBias, NSE, KGE, and NRMSD computed for the three methods. These metrics
were calculated by comparing modelled baseflows with baseflow values derived from DSi data (black dots in Fig. 2). For the
Eckhardt’s filter, the performance metrics were: PBias =~ 0, NSE = 0.85, KGE = 0.76, and NRMSD = 7.5%, all of which fall
within acceptable ranges for hydrological modeling. For the LH method, the metrics were: PBias ~ 0, NSE = 0.79, KGE =
0.74, and NRMSD = 8.9%, indicating satisfactory performance as well. However, the CM model presented PBias = -28%, NSE
=0.86, KGE = 0.70, and NRMSD = 7.2%, indicating a significant underestimation of baseflows highlighted by the substantial
negative PBias, exceeding the acceptable limit of +/- 25% set in this study. This result highlights a limitation of the CM method
— its inability to be calibrated due to the lack of adjustable parameters, relying solely on the recession constant, which is
typically considered an invariant characteristic of the catchment. Yet, some scholars suggest that this constant may vary,

proposing a potential for calibration and improvement of the CM model’s baseflow separation. Exploring this possibility,
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particularly given the CM method’s accurate representation of baseflow shape and timing, warrants further research. This

could offer a path to enhance the CM model’s performance, addressing its current shortfall in accurately estimating baseflow.
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Figure 2. Comparison of baseflow separation techniques on 15 events in the Arvorezinha catchment (Brazil): total
streamflow (Q¥) as solid black curves; silica-derived baseflow (¢gb(DSi)) as black dots; Eckhardt’s filter baseflow (¢gb(ECK))
in blue dotted lines; LH filter baseflow (¢gb(LH)) in red dotted lines; and CM filter baseflow (gb(CM)) in cyan dotted lines.

Table 2. Error metrics for modeled versus DSi-derived baseflows across 15 events in combination for Eckhardt’s (a = 0.952,
BFTl4=0.653), CM (a =0.952), and LH (f = 0.965) filters. Acceptable performance criteria: NSE > 0.5, KGE > -0.41,
NRMSD < 20% and PBias <+/-25%

Filter  PBias (%) NSE KGE  NRMSD (%)
Eckhardt <0.05 0.85 0.76 7.5
CM -28 0.86 0.70 7.2
LH <0.05 0.79 0.74 8.9

In terms of volume, the Eckhardt’s filter showed higher volumes than the CM model. The LH model resulted in overall higher

baseflow volumes than the other two models. For model comparison of volumes, we assessed the baseflow to streamflow
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ratios (BF ratio = Total Baseflow Volume / Total Streamflow Volume) for each model over 15 rainfall-runoff events, with the

findings presented in Table 3.

Table 3. Comparative analysis of average BF ratios for the Arvorezinha Catchment (1.2 km?) in the South of Brazil across

15 rainfall-runoff events using various baseflow separation methods, alongside literature reference values.

Separation Method rfiﬁf;zlllt-l I(')u(l}()sff Reference values of BF ratios for ca‘tchments similar to _the study area or
events) catchments located in the south of Brazil
Mass balance (DSi-derived 66% e 60-72% for rhyodacite catchments in Australia (Lacey & Grayson, 1998)
baseflows) CV=0.19 e 67-91% for basalt catchments in Australia (Lacey & Grayson, 1998)
e 50-70% for basalt catchments in the same hydrographic region in Brazil
(Chagas et al., 2020)
e 54-65% for catchments overlying igneous aquifers in southeastern Brazil
Eckhardt’s Filter (calibrated) (a 64% (Santarosa et al., 2023)
=0.952; BFInax = 0.653) CV=0.04 e 60-64% for small rural catchments overlying igneous aquifers in Kenya
(Mugo & Sharma, 1999)
e  61% average BF ratio for six small rural catchments over granite and
CM Filter ey gneiss in Southeastern Brazil (Costa & Bacellar, 2009)
(]

e 63% for catchments in Cf climate regions (Beck et al., 2013)

(a=10.952) CvV=0.06 e >60% for catchments in the south of Brazil (Tan et al., 2020)

e >65% for catchments underlain with basalt and granite in Tanzania
(Mwakalila et al., 2002)

LH Filter (calibrated) 759% e 50-70% is tl_le predominant BF rat_io in an analysis of 1815 und_isturbed
B _ catchments in the USA. It occurs in 50% of the catchments (Xie et al.,
($=0.965) CV=0.15 2020)

The BF ratios were determined to be 64%, 49%, and 75% for the Eckhardt’s, CM, and LH filters, respectively. The BF ratio
based on baseflows calculated from DSi was 66%, positioning the Eckhardt’s filter as the most aligned with observed data.
Moreover, the Eckhardt’s filter exhibited the most consistent performance across the 15 events, demonstrating the lowest
variability with a coefficient of variation (CV) at 0.04, as shown in Table 3. This consistency is crucial for accurately reflecting
catchment conditions, as highlighted by Nathan and Mcmahon (1990). Furthermore, the results obtained from the Eckhardt’s
filter are closely aligned with several findings reported in the literature. Lacey and Grayson (1998) identified a notable trend
of higher BF ratios in catchments underlain by igneous rocks, such as basalt and rhyodacite, compared to those underlain by
sedimentary and metamorphic rocks. Their study, which included 23 catchments underlain by basalt and/or rhyodacite
(reflecting the geological composition of the study catchment), reported BF ratios of 66% for rhyodacite and 79% for basalt,
compared to an average of 54% across 114 catchments with diverse geological formation. They attributed the high BF ratios
in igneous rock catchments to high primary porosity and the presence of fractures, which enhances groundwater recharge,
storage capacity, and the formation of deep, permeable soils. A similar trend was reported by Mwakalila et al. (2002) in which
larger BFI values were found for catchments underlain with granites and basalt in an examination of 12 catchments ranging
from 66 to 2930 km? in semi-arid environments of Tanzania. Such characteristics are consistent with those of the Arvorezinha

catchment, supporting the observed high baseflow proportion. Therefore, the BF ratios from DSi-based baseflows, along with
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those obtained from Eckhardt’s and LH filters in the Arvorezinha catchment, were in realistic agreement with expectations,
while the CM filter’s derived BF ratio appeared to be an outlier. Table 3 further includes comparative BF' values from the

literature for catchments analogous to the one under study, providing a broader context for our findings.

Therefore, considering shape, peak timing, magnitude and BF ratios, the Eckhardt’s filter emerges as the most accurate for
baseflow separation in the Arvorezinha catchment. The superior performance of the Eckhardt’s filter over the LH and the CM
models matches the results reported by Xie et al. (2020), who evaluated nine separation methods in 1815 catchments in the
USA, demonstrating higher NSE and KGE values for the Eckhardt’s filter. Similarly, Gonzales et al. (2009) reached a
comparable conclusion when they evaluated seven non-tracer-based separation methods against baseflow estimations derived

from a tracer-based approach in a lowland catchment in the Netherlands, further reinforcing the effectiveness of the Eckhardt’s
filter.

Figure 3 illustrates the relationship between modeled and observed baseflow values for the three filters. For the Eckhardt’s
and LH filters, it can be seen that low flows are underestimated, and high flows are overestimated. A more favorable agreement
is noted for mid-range flows. These results were expected since this is a direct consequence of adjusting the BF 1. and Beta
parameters to reduce the average discrepancy between observed and modeled values. As such, this process leads to the models

balancing underestimated values through overestimating values in other instances, and vice versa. For the CM model, the flows

were generally underestimated.
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Figure 3: Scatter plot comparing modeled baseflow values against observed values derived from DSi, with the grey dashed
line representing the 1:1 line. For the Eckhardt (A) and LH (B) models, the plots show the calibrated models’ trend to
overestimate higher baseflows and underestimate lower baseflows, a predictable result from the optimization method

employed during calibration. The CM model (C) consistently underestimated the baseflow values.

Despite the quality indicators indicating a satisfactory match between the modeled and observed baseflows (Table 2),
pinpointing a Beta value of 0.952 and a BFI,. value of 0.653 as the optimal parameters for this specific catchment,
discrepancies become evident upon examining data from separate events (refer to Tables 4 and 5), suggesting that
improvements could be achieved with event-specific calibration. Tables 4 and 5 show that most events did not meet all the

quality indicators criteria simultaneously. This issue reveals the calibrated models’ challenge in precisely capturing baseflow
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in some cases, implying that a calibration process designed for each event or event of similar sizes might offer more accurate

modeling than a generalized approach.

Table 4. Error metrics for observed versus modeled baseflows across 15 events, utilizing the calibrated Eckhardt’s filter (a

415 =0.952, BFl,ax = 0.653). Acceptable model performance criteria: NSE > 0.50, KGE > -0.41, NRMSD < 20% and PBias < +/-
25%
Event Omax (1.5 DSi samples PBias (%) NSE KGE NRMSD (%) BF ratio
1 3277.6 14 17.7 0.66 0.55 19.6 0.65
2 56.0 7 -3.8 0.10 0.51 32.4 0.64
3 518.4 9 -21.3 0.31 0.69 26.3 0.65
4 432 4 -24.6 -4.50 0.52 111.1 0.64
5 353 6 -22.3 -2.41 -0.65 63.0 0.61
6 230.8 8 -19.5 0.45 0.79 232 0.61
7 532.4 6 -1.5 -0.49 0.38 41.7 0.56
8 4453 10 -13.3 -0.23 0.26 46.7 0.62
9 125.1 3 -43.9 -1.37 0.44 64.0 0.61
10 493.0 13 -9.6 0.77 0.83 15.9 0.59
11 535.1 11 -4.2 0.33 0.61 26.3 0.65
12 195.8 6 -27.7 -0.04 0.37 30.5 0.63
13 582.7 15 -10.1 0.33 0.65 20.4 0.64
14 998.0 6 -8.5 0.76 0.87 16.7 0.65
15 353.2 3 8.03 0.86 0.92 16.3 0.65
All events combined 121 <0.05 0.85 0.74 7.5 0.64

Table 5. Error metrics for observed versus modeled baseflows across 15 events, utilizing the calibrated LH filter (= 0.965).

Acceptable model performance criteria: NSE > 0.50, KGE > -0.41, NRMSD < 20% and PBias < +/- 25%

Event Omax (1.5 DSi samples PBias (%) NSE KGE NRMSD (%) BF ratio
1 3277.6 14 8.7 0.58 0.52 21.7 0.71
2 56.0 7 8.3 -0.89 -0.03 47.1 0.79
3 518.4 9 -34.8 -0.48 0.43 38.5 0.78
4 43.2 4 6.3 -1.47 -0.17 59.6 0.88
5 353 6 -16.8 -2.28 -0.28 61.9 0.67
6 230.8 8 -18.9 0.08 0.67 30.0 0.69
7 532.4 6 -21.5 -1.00 0.29 48.4 0.50
8 4453 10 -254 -1.17 -0.24 61.9 0.63
9 125.1 3 -42.1 -2.10 0.20 73.2 0.67
10 493.0 13 -15.4 0.61 0.69 20.9 0.60
11 535.1 11 9.2 -0.18 0.38 35.0 0.88
12 195.8 6 -23.7 -0.25 0.29 334 0.79
13 582.7 15 7.7 -0.49 0.39 30.3 0.82
14 998.0 6 -11.3 0.66 0.81 19.9 0.74
15 353.2 3 38.2 -2.66 0.44 84.1 0.85

All events combined 121 <0.05 0.79 0.76 8.9 0.75
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3.4. Event magnitude classification

The violin diagrams in Fig. 4 display the distribution of the peak flow rates from 254 rainfall-runoff events observed during
the monitoring period (2010-2015) into the classes ‘low’ (precipitation with ARI < 0.33 year), ‘medium’ (precipitation with
0.33 < ARI < 2 years), and ‘high’ (precipitation with ARI > 2 years). The stream flow rate thresholds to distinguish the three
classes were selected based on the interquartile ranges of the three classes. As such, hydrographs with peak flow rates <250 ¢
s’! (= third quartile of the first class) were classified as ‘low’ magnitude. Hydrographs with peak flow rates between 250 ¢s™!

and 1000 ¢s™! (= third quartile of the second class) were classified as ‘medium’ magnitude. Hydrographs with peak flow rates

higher than 1000 ¢ s™' were classified as ‘high’ magnitude.
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Figure 4: Distribution of peak flow rates from 254 rainfall-runoff events observed during the monitoring period (2010-2015)

into the classes ‘low’, ‘medium’, and ‘high’ magnitudes.

The results of the distribution of events within each class of event magnitude, excluding the outliers, is presented in Table 6.
The number of events observed in each class over the six-year data series period (2010 to 2015) is also shown, highlighting a

higher occurrence of low-magnitude events (134) compared to medium (61) and high magnitudes (33).
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Table 6: Distribution of the 15 monitored rainfall-runoff into the classes ‘low’, ‘medium’, and ‘high’ magnitudes.

Class  Peak magnitude N° of events between 2010 and 2015/ DSi events!?! DSi samples

Low <250¢s! 134 2,4,5,6,9,12 34
Medium 250 - 1000 ¢s™! 61 3,7,8,10,11,13,14,15 73

High > 1000 ¢s! 33 | 14

[l Denotes the total number of events observed in the period 2010-2015. ! Denotes the events used for analysis due to the availability of
DSi data, as listed in Table 1.

3.5. Optimized BFIun. (Eckhardt’s filter) and Beta (LH filter) parameters per event magnitude

The optimization process, aimed at reducing the PBias between modeled and observed baseflow values (derived from DSi)

for each event magnitude category listed in Table 6, yielded three significantly distinct BFI,.. values:

e (.809 for ‘low’ magnitude events;
e 0.701 for ‘medium’ magnitude events; and

e 0.576 for ‘high’ magnitude events.

These values show a notable deviation from the average BFI,.x value of 0.653 established for the catchment, suggesting the
BFl,x parameter’s sensitivity to the magnitude of rainfall-runoff events. The calibration for each event category achieved
PBias values near zero. Like the general calibration, the BFI,... values derived per event magnitude also exceeded the arbitrary
value of 0.25 recommended by Eckhardt (2005) for catchments of hydrogeological characteristics like the Arvorezinha’s,
supporting the study’s hypothesis that events of low magnitude align better with higher BF1,... values, whereas those of high
magnitude align better with lower values. This observation is consistent with findings by Minea (2017) and Okello et al. (2018),
who reported higher BF1,,, values during low-flow (dry) seasons and lower values during high-flow (wet) seasons. Zhang et
al. (2013) also noted a similar trend with larger baseflow indexes in dry seasons compared to wet seasons in a Canadian

catchment.

The variation in optimum BF7,, values across event magnitudes is explained by changes in the relative contribution of baseflow
to total streamflow as a function of event size. During low-magnitude events, streamflow is predominantly sustained by
perennial groundwater discharge, resulting in a high optimum BFI,,.. value of 0.809. This indicates that baseflow constitutes
the majority of flow under dry or low-intensity rainfall conditions. As event magnitude increases, the proportion of quickflow
rises due to enhanced surface and near-surface runoff, which progressively dilutes the baseflow component. This shift is
reflected in lower BFI,, values for medium (0.701) and high-magnitude (0.576) events. These decreasing values align with
expectations for steep, fractured catchments like Arvorezinha, where intense storms can trigger rapid hydrological responses
with minimal groundwater interaction. These findings suggest that adopting tiered calibration can capture underlying

hydrological processes, including event-driven shifts in groundwater—surface water connectivity.
For the Beta parameter of the LH filter, optimal values were identified as:

e 0.921 for ‘low’ magnitude;
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e (.957 for ‘medium’ magnitude; and

e 0.970 for ‘high’ magnitude events.

These values diverge from the catchment’s average Beta value of 0.965, indicating that this parameter is also influenced by
event magnitude. Interestingly, only the calibration for ‘low’ magnitude events aligns with the widely recognized standard
value of 0.925 referenced in the literature (Arnold & Allen, 1999; Arnold et al., 1995; Lyne & Hollick, 1979; Nathan &
Mcmahon, 1990). The values determined for ‘medium’ and ‘high’ magnitude events exceed this benchmark, falling outside
the commonly accepted range of 0.90 to 0.95 (Nathan & McMahon, 1990). Additionally, the Beta value for ‘medium’
magnitude events (0.957) is closely aligned with the recession constant. This finding supports the approach of using the
recession constant as the most suitable parameter for calibration, a strategy endorsed by numerous researchers (e.g. Eckhardt,
2005; Tan et al., 2009b; Zhang et al., 2017; Mugo & Sharma, 1999). The highest Beta value identified in this study (0.970)
aligns with findings by SKM and CSIRO (2012), as cited by Ladson et al. (2013), where a Befa value of 0.98 was deemed

more appropriate for Australian catchments analyzed using tracer-based baseflow measurements.

The variation in optimum Beta values across event magnitudes is explained by the dynamic interplay between groundwater
contributions and event-driven quickflow within the catchment. During low-magnitude events, the streamflow is primarily
sustained by older groundwater, resulting in a dominant baseflow signal and a lower optimum Beta value (0.921), which aligns
with widely accepted literature standards. As event magnitude increases, surface and shallow subsurface runoff begin to
contribute more significantly to streamflow. For medium events, the Beta value (0.957) closely matches the catchment’s
recession constant, suggesting a balanced mix of baseflow and event water. In high-magnitude events, the highest Beta value
(0.970) reflects a storm response dominated by rapid quickflow and dilution of the baseflow component — consistent with a
reduced influence of older groundwater. This pattern reveals that Beta is not a static parameter, but one that reflects the

proportion of groundwater contribution in streamflow, which varies with event size.

3.6. Optimized filters with event-based calibration: Application and comparison

Figure 5 shows the results of the three separation methods analyzed in this study, in which the Eckhardt’s and the LH filters
underwent calibration for BFI,... and Beta parameters based on event magnitude. The method CM, on the other hand, was

applied directly using Eq. 2, since this method does not have a fitting parameter that can be calibrated.
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Figure 5. Comparison of baseflow separation techniques on 15 events in the Arvorezinha catchment (Brazil): total
streamflow (Qr) as solid black curves; silica-derived baseflow (¢h(DSi)) as black dots; Eckhardt’s filter baseflow (¢h(ECK))
in blue dotted lines; LH filter baseflow (¢gb(LH)) in red dotted lines; and CM filter baseflow (gb(CM)) in cyan dotted lines.

Note: Eckhardt’s and LH filters used varying parameters as a function of event magnitude (low, medium or high).

Visual inspection of Fig. 5 (event-based calibration results) and Fig. 2 (general calibration results) does not allow for an
accurate determination of the changes brought about by the event-based calibration, as similar observations can be noted for
both calibration processes. Eckhardt’s filter and CM filter yielded more plausible baseflow hydrographs in terms of shape
(both follow the smoothness of the streamflow hydrographs and present a reasonably delayed peak in comparison to the peak
observed on the streamflow hydrograph). In terms of volume, the Eckhardt’s filter shows higher volumes than the CM model.
The LH model resulted in overall higher baseflow volumes than the other two models. The baseflow estimated by the LH
model increases gradually and achieves its maximum rate near the end of the direct runoff hydrograph, presenting a higher
delay in baseflow peak, as compared to the other two methods. The event-based calibration led to a reduction of the delay

between baseflow and streamflow peaks. For the Eckhardt’s filter, the average event delay was calculated as 1.5 hours using
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the general calibration, which reduced to 1.3 hours with the event-based calibration. For the LH filter, the average event delay

reduced from 4.4 hours (general calibration) to 3.4 hours (event-based calibration).

Table 7 shows the performance indicators PBias, NSE, KGE, and NRMSD computed for the Eckhardt’s and LH filters after
the event-based calibration. These metrics were calculated comparing modelled baseflows with baseflow values derived from
DSi data. The asterisks (*) show the level of improvement in the performance indicators, compared to the general calibration.

The event-based calibration has significantly improved the metrics for both models.

Table 7. Error metrics for observed (DSi-derived) versus modeled baseflows considering 15 events and two separation
methods adopting the following parameters: Eckhardt’s filter (a = 0.952, BEFL,"") = 0.809, BFI,, (™™ = (0,701,
BF1,,"#" = 0.576); LH filter (8 1°%) = 0.921, g (medivm) = (0 957, g (high = (.970). Acceptable model performance criteria:
NSE > 0.5, KGE > -0.41, NRMSD < 20% and PBias < +/-25%

Filter  PBias (%) NSE KGE  NRMSD (%)
Eckhardt ~ <0.50 0.92%#% (.9 *#k% 5.4%%
LH <1.20 0.847%* 0.85%** 7.8%

Improvement in relation to the general calibration: *5-20%; **20-35%; ***35-50%; ****>50%. The absence of a (*) indicates no
significant improvement.
Following the event-based calibration, the BF ratios were computed as 65% for the Eckhardt’s model and 76% for the LH
model, representing a slight change from the general calibration outcomes of 64% for Eckhardt’s and 75% for LH. The BF
ratio from the Eckhardt’s filter remains the most accurate, aligning more closely with the DSi-derived BF ratio of 66%.
Correspondingly, the coefficient of variation (CV) for the Eckhardt’s filter showed an increase from the general calibration, a
result anticipated due to the application of varying BFI,... values, which naturally led to greater variability across the events.

The BF ratios computed after the event-based calibration alongside reference values are summarized in Table 8.
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Table 8. Comparative analysis of average BF ratios for the Arvorezinha Catchment (1.2 km?) in Southern Brazil across 15

rainfall-runoff events using various baseflow separation methods and an event-based calibration approach, alongside

literature reference values.

BF ratio (average

Reference values of BF ratios for catchments similar to the study

Separation Method of 15 rainfall- area or catchments located in the South of Brazil
runoff events)
S 66% 60-72% for rhyodacite catchments in Australia (Lacey &
Mass balance (DSi-derived baseflows) CV=0.19 Grayson, 1998)
67-91% for basalt catchments in Australia (Lacey &
I o B N Grayson, 1998)
g(;ksl;argtFj Fllt:ero(ggglge ral calibration) (a = Cv6i{; 04 50-70% for basalt catchments in the same hydrographic
e Ehmae ' region in Brazil (Chagas et al., 2020)
54-65% for catchments overlying igneous aquifers in
Eckhardt’s Filter (event-based calibration) (a = 65% southeastern Brazil (Santarosa et al., 2023)
0.952; BFInax"") = 0.809, BF [nax™e4™ = CV =0.09 60-64% for small rural catchments overlying igneous
0.701, BFIna®™# = 0.576) ' aquifers in Kenya (Mugo & Sharma, 1999)
61% for six small rural catchments over granite and gneiss
. . 75% in Southeastern Brazil (Costa & Bacellar, 2009)
LH Filter (calibrated) (6= 0.965) CV=0.15 63% for catchments in Cr climate regions (Beck et al.,
2013)
LH Filter (event-based calibration) (8 %) = 76% 60% for catchments in the south of Brazil (Tan et al., 2020)
0.921, p (medivm) = .957, 3 "igh) = 0.970) Cv=0.14 65% for catchments underlain with basalt and granite in
Tanzania (Mwakalila et al., 2002)
CM Filter 48% 50-70% is the predominant BF ratio in an analysis of 1815
(a=0.952) CV =0.06 undisturbed catchments in the USA. It occurs in 50% of the

catchments (Xie et al., 2020)

Figure 6 illustrates the relationship between modeled and observed baseflows for the Eckhardt and LH filters, comparing

results from both general and event-based calibration methods. This comparison highlights the improvement in model

performance following the event-based calibration. Specifically, this approach has led to improved predictions of the data

extremes, including both low and high flows, which were not accurately predicted with the general calibration process.
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Figure 6: Scatter plot comparing modeled baseflow values against observed values derived from DSi, with the grey dashed
line representing the 1:1 line. Eckhardt — General calibration (A), LH — General Calibration (B), Eckhardt — Event-based
calibration (C), LH — Event-based Calibration (D). The plots show the higher performance of the models under event-based

calibration, particularly with a better prediction oh high flows in comparison to the general calibration approach.

Analysis of individual events, as detailed in Figures 7 and 8 and Tables A1 and A2 (Appendices), indicates that the event-
based calibration method led to improvements in performance metrics for both the LH and Eckhardt’s filters across most
events. The data highlight that, for the Eckhardt’s filter, the event calibration approach enhanced the PBias indicator
significantly in 12 events, NSE and NMRSD in 10 events, and KGE in nine events. Regarding the LH filter, there were
enhancements observed in the PBias for 10 events, in the NSE metric for 11 events, and in NRMSD and KGE in nine events.
Events 5 and 9, for instance, highlight the general calibration’s poor performance with extreme values in NSE and NRMSD
values for both filters, which the event-based method mitigated significantly (Figures 7 and 8). These enhancements emphasize
the advantage of tailoring calibration to specific event magnitudes, yielding more precise modeling outcomes compared to a
generic calibration approach. However, some events exhibited contrasting results; Event 15, for example, displayed higher
PBias and worse NSE with event-based calibration compared to the general method for both filters (Figures 7 and 8), indicating
that event-based calibration may not always be superior. While the event-based method generally outperforms in most

scenarios, event-specific characteristics can occasionally make the general calibration more suitable.
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Figure 7: Comparison of performance metrics for general Eckhardt’s filter calibration (blue) and event-based calibration

(orange) across 15 events. (A) Absolute PBias, improved in 12 events; (B) NSE, improved in 10 events; (C) KGE, improved
in 9 events; (D) NRMSD, improved in 10 events.
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events; (D) NRMSD, improved in 9 events.

4. Considerations for using the DSi mass-balance method to calibrate RDF filters

The calibration of BFI,. and Beta parameters using the DSi mass-balance approach requires careful attention due to
fundamental differences in how flow components are distinguished. RDFs primarily separate baseflow and quickflow based
on flow velocity characteristics (Helfer et al., 2024), whereas the mass-balance technique relies on variations in DSi

concentrations. This contrast is especially important in larger catchments, where transient water contributions, such as the
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mobilization of older stored water and return flow processes, can substantially impact hydrograph responses (Cartwright et al.,

2018; Yang et al., 2021).

RDF filters differentiate baseflow as slow-moving components like groundwater and bank storage return flow, while
identifying quickflow as rapid-response flows, including surface runoff, soil interflow, and direct precipitation. Conversely,
the DSi mass-balance method classifies flow components based on DSi concentrations, designating high-DSi components
(groundwater and old-water flushing) as baseflow and low-DSi components (surface runoff, return flow, and direct

precipitation) as quickflow.

During storm events, these differences become particularly pronounced. Old-water flushing introduces a rapid increase in DSi
concentrations early in the hydrograph, reflecting the displacement of solute-rich water stored in the soil matrix. While the
mass-balance method captures this as baseflow, RDF filters, designed to represent the gradual response of slow groundwater
movement, assign such flows to quickflow. Similarly, bank storage return flow, characterized by dilution effects, is considered
baseflow in RDF filters but quickflow in the mass-balance method. These contrasting classifications can result in misaligned

peak timings and differing baseflow dynamics, particularly in short-term hydrographs.

In the Arvorezinha catchment, where transient water effects such as old-water flushing and return flow are minimal due to its
shallow, clayey soils, the DSi mass-balance method and RDF filters can be reasonably aligned for calibration. However, during
some events, discrepancies were observed. For example, events 2 and 9 showed earlier baseflow peaks in the mass-balance
method, likely caused by old-water flushing. This initial peak was subsequently reduced as event groundwater and return

flows, with lower DSi concentrations, diluted the streamflow.

Although the mass-balance method may not be ideal for short-term baseflow separation (hourly or daily) due to transient water
effects, it is still well-suited for long-term applications. Over extended periods, the calibrated filters, particularly the Eckhardt’s
filter, ensure cumulative baseflow estimates are consistent with those of the DSi method. To enhance the reliability of such
calibrations, validating results against reported BFI values from the literature is strongly recommended (Helfer et al., 2024).
Ultimately, the differences between the two methods highlight the need for a nuanced application of the mass-balance method
in calibrating RDF filters. Future studies could focus on combining both approaches to create multi-component streamflow
separation methods or assess the impact of transient water sources, providing deeper insights into hydrological processes and

flow dynamics.
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5. Conclusions and Recommendations

This study covered a detailed examination of baseflow separation techniques within a small rural catchment, applying both
general and event-based calibration strategies to optimize the parameters of Eckhardt’s, Lyne and Hollick (LH), and Chapman
and Maxwell (CM) filters. The initial objective of calibrating BFI,... (Eckhardt’s) and Befa (LH) parameters to minimize
differences between modeled and tracer-based baseflow values was successfully achieved, with both filters demonstrating

improved accuracy over the CM method.

The CM model, reliant solely on streamflow and the recession constant, lacked the flexibility for fine-tuning, restricting its
accuracy in volume and peak magnitude estimation, with a notable average underestimation of baseflow quantities by 28%.
On the other hand, the flexibility of the adjustable parameters in the Eckhardt’s and LH models enabled a more precise
representation of baseflow hydrographs after calibration. Optimal calibration yielded BFI,.. and Beta values of 0.653 and
0.965, respectively, with the Eckhardt’s filter slightly outperforming the LH model across several metrics, including NSE,
KGE and NRMSD. This superiority extended to capturing peak timings and the shape of baseflow hydrographs, corroborated
by stable and credible baseflow index values aligned with existing literature for comparable catchments. These results highlight
the robustness of the Eckhardt filter and reinforce its suitability for baseflow separation in small, rural basins — particularly

when BFI,... can be calibrated to local conditions.

The introduction of an event-based calibration approach in this study marked a significant advancement in the field,
demonstrating that baseflow separation accuracy could be enhanced by adjusting the BF1,..» and Beta parameters, of Eckhardt’s
and LH filters, respectively, according to the magnitude of rainfall-runoff events. This approach yielded more precise baseflow
estimations, as evidenced by improved performance indicators and a closer agreement with observed (DSi-derived) data. The
findings revealed that the parameters BFI,.. and Beta are not static but vary with event characteristics, highlighting the
importance of the development of flexible calibration approaches for the Eckhardt’s and LH filters. In particular, the Eckhardt’s
filter exhibited superior performance under event-based calibration, making it the most robust option. Optimal parameter
values varied across event classes, with BFI,, ranging from 0.809 for low-magnitude events to 0.576 for high-magnitude
events, and Beta ranging from 0.921 to 0.970, respectively. These results highlight that relying on a fixed, “one-size-fits-all”
value — such as the commonly cited default of 0.25 for BFI,... — can lead to significant underestimation of baseflow,

especially in environments with dynamic hydrological responses.

In the presence of tracer data, event-based calibration of the Eckhardt’s filter should be prioritized, as it substantially improves
baseflow estimation across a range of flow conditions. Where tracer data are not available, practitioners are encouraged to
identify catchment-specific BFI.. values through literature review and site-based analysis. For catchments resembling the
Arvorezinha basin — small in area, with steep slopes, rapid baseflow recession, and porous soils over fractured basalt — a

general BFI,, value of 0.653 is proposed as an appropriate starting point. This value can be refined using established
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procedures, such as those described by Collischonn and Fan (2013), ensuring more realistic separation results even in data-

scarce contexts.

Although this study focused on a single small catchment (1.2 km?), the findings are likely transferable to a variety of
catchments, particularly those with pronounced rainfall variability and seasonal shifts in surface—groundwater interactions.
Subtropical and semi-arid regions, where wet-season events generate high surface runoff and dry-season flows are

groundwater-dominated, are especially well-suited for the application of event-specific RDF calibration.

Importantly, the methodology developed here is adaptable to both data-rich and data-limited environments. While DSi was
used as a tracer in this study, other more accessible tracers — such as electrical conductivity — can serve a similar role in
validating baseflow estimates. In the absence of any tracer data, the proposed general calibration framework remains valuable

for guiding parameter selection and ensuring improved performance over default values.

To fully realize the potential of this approach, future research should pursue several strategic directions. First, event-based
calibration should be applied across a broader range of catchments with diverse hydroclimatic conditions to test its
generalizability. Second, including more events of varying magnitudes — from minor rainfall to extreme storms — will deepen
our understanding of how calibration parameters respond under different hydrological conditions. Third, the development of
systematic criteria for when to apply event-specific versus general calibration will aid practitioners in choosing the appropriate
method for a given context. In addition, given the uneven seasonal distribution of events in the present study, we recommend
that future research include a more seasonally balanced dataset to explore whether BFl,.. and Beta values also exhibit
systematic seasonal variability. Understanding whether these filter parameters are influenced not only by event magnitude but
also by broader seasonal hydrological controls could help refine calibration strategies and improve baseflow separation

accuracy throughout the year.

Further opportunities lie in integrating this calibration approach with machine learning techniques to automate the adjustment
of RDF parameters based on real-time hydrometeorological data. Such integration could improve operational baseflow
separation by identifying patterns in the relationship between event characteristics and optimal parameter values. Additionally,
exploring correlations between filter parameters and easily measurable catchment descriptors may enable regionalization

schemes — extending the benefits of this methodology to ungauged or poorly monitored basins.
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6. Appendices

Table A1l. Error metrics comparison for observed versus simulated baseflows across 15 events, utilizing the event-based

calibration of the Eckhardt’s filter (a = 0.952, BFI,,;,"® = 0.809, BF (™4™ = 0.701, BF ., "€ = 0.576). Acceptable

model performance criteria: NSE > 0.50, KGE > -0.41, NRMSD < 20% and PBias < +/-25%

Event - Magnitude Omax (15 DSi samples PBias (%) NSE KGE NRMSD (%) BF ratio
1 — High 3277.6 14 0.1 #%** 0.88**** 0.78%*** 11.7%** 0.56
2 —Low 56.0 7 25.7#### -0.44 #### 0.49 41.1%#% 0.79
3 — Medium 518.4 9 -12.6* 0.45%* 0.73* 23.5% 0.69
4 —Low 432 4 6.5k FH* -0.58**** 0.52 47 THFE* 0.79
5—Low 353 6 0.7%%** -0.77%%* -0.56* 45.4%* 0.78
6 —Low 230.8 8 6.6%*** 0.72%** 0.68 ### 16.5%* 0.78
7 — Medium 532.4 6 2.3%*xx -0.63 # 0.31# 43.6* 0.62
8 — Medium 445.3 10 -3.9%xAk -0.12%* 0.36* 44.5 0.67
9 —Low 125.1 3 =24 S¥H* 0.30%*** 0.75%*** 34.7%%* 0.78
10 — Medium 493.0 13 -0 4% xH% 0.76 0.78 ## 16.4 0.65
11 — Medium 535.1 11 4.7%# 0.31 0.65* 26.7 0.69
12 — Low 195.8 6 3.9 Ak 0.43%%* 0.59%* 22.6** 0.79
13 — Medium 582.7 15 2.2k HAk 0.43* 0.70* 18.7% 0.69
14 — Medium 998.0 6 0. 7%*** 0.81%%* 0.90%** 14.7* 0.68
15 - Medium 353.2 3 16.5####% 0.42 #### 0.78 #### 33.47### 0.68
All events combined 121 <0.50 0.92%** 0.971*%** 5.4%%* 0.65

Changes relative to the general calibration: *5-20%; **20-35%; **%35-50%; ****>50% improvement. # 5-20%; ##20-35%; ###35-50%; ##
##>50% worsening. The absence of (*) or (*) indicates no significant change.

Table A2. Error metrics comparison for observed versus simulated baseflows across 15 events, utilizing the event-based

calibration of the LH filter (8 (°¥) = 0.921, g (medivm) = ( 957, p (igh) = (0.970). Acceptable model performance criteria: NSE >

0.50, KGE > -0.41, NRMSD < 20% and PBias < +/- 25%

Event - Magnitude  Qmax(l.s™) DSi samples PBias (%) NSE KGE NRMSD (%) BF ratio
1 — High 3277.6 14 -0.3%** 0.70** 0.64** 18.3* 0.67
2 —Low 56.0 7 26.9 #### -0.87 0.35%** 46.8 0.86
3 — Medium 518.4 9 -27.6%* -0.20%* 0.52%* 34.7* 0.80
4 —Low 432 4 10.0 #### -1.38% 0.26%** 58.5 0.94
5—Low 353 6 4.4%%x% -1.40%** -0.48 % 52.9% 0.81
6 — Low 230.8 8 437 0.50%** 0.57#% 22.2%* 0.82
7 — Medium 5324 6 -14.4%* -0.93* 0.27 47.4% 0.54
8 — Medium 4453 10 -18.5%* -1.01%* -0.14* 59.6* 0.67
9—Low 125.1 3 -28.5%* -0.32%*** 0.61%*** 47.8%** 0.80
10 — Medium 493.0 13 -6, THFH* 0.63* 0.63 7% 20.3 0.64
11 —Medium 535.1 11 14.8 #### -0.17 0.43* 349 0.90
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12 — Low 195.8 6 -4 3HAk 0.23%%* 0.53%* 26.2%* 0.88

13 — Medium 582.7 15 12.3####% -0.53 0.39 30.7 0.84
14 — Medium 998.0 6 -3.9%%xk 0.83#*** 0.92%*** 14.1%%* 0.77
15 - Medium 353.2 3 41.9% -3.207% 0377 90.1% 0.87
All events combined 121 <1.20 0.84%*%* 0.85%%*%* 7.8% 0.76

Changes relative to the general calibration: *5-20%; **20-35%; **%35-50%; ****>50% improvement. # 5-20%; ##20-35%; ###35-50%; ##
##>50% worsening. The absence of (*) or (*) indicates no significant change.
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