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Abstract Empirical baseflow filters are widely used for baseflow separation. These filters rely on ad-hoc
parameters that introduce significant uncertainties in the calculation. A recent study by Mei et al. (2024, https://
doi.org/10.1029/2023wr036386) optimized these parameters using environmental tracer data for 1,100
catchments across the Contiguous United States (CONUS). However, optimized parameters are unavailable for
most CONUS catchments lacking tracer data. To address this gap, we developed regionalization models for the
filter parameters using the random forest (RF) algorithm and 82 catchment-scale characteristics, including
geomorphology, climate, soil properties, and human activities. We demonstrated this approach for the block
length parameter N of the smooth minima baseflow filter, one of the optimized filters in Mei et al.’s study,
across 855 catchments. Our results show that the prediction of N achieves an R? of 0.80. Predictor importance
analysis identified catchment area as the most influential factor, followed by climate, hydrology, soil, and water
usage characteristics. Using the RF-predicted N in baseflow separation improves daily baseflow accuracy, with
the median Kling-Gupta Efficiency increasing from 0.62 to 0.80 compared to the literature-suggested area-
based power function. This study enhances the accuracy of baseflow separation, providing a robust foundation
for understanding streamflow partitioning and supporting improved hydrological modeling.

Plain Language Summary Baseflow, the slow and steady component of river flow, comes mainly
from groundwater and soil moisture. It sustains river levels during periods with no rainfall, supporting
ecosystems and human activities such as agriculture and industry. Unlike streamflow, which can be measured
directly, baseflow is typically estimated using tools called “baseflow filters.” These filters use rules (parameters)
to calculate baseflow from streamflow data, and assigning accurate values to these parameters is critical for
reliable results. In this study, we developed a data-driven framework using random forest models to predict a
key filter parameter based on factors including catchment area, climate, soil properties, and human activities.
Testing our framework on 855 catchments across the Contiguous United States, we found that it accurately
predicts the parameter, with catchment area being the most important factor. Using our predicted parameter
improves the accuracy of daily baseflow estimates compared to the empirical function based on catchment area
alone. This helps us better understand how much of a river's flow comes from baseflow, supporting better
decisions in managing water resources.

1. Introduction

Baseflow is an integral component of streamflow, primarily originating from deep soil storage and groundwater
sources (Beck et al., 2013; Hare et al., 2021; J. Xie et al., 2024). It exhibits a delayed response, typically occurring
over several days or longer after rainfall or snowmelt events (Hare et al., 2021; Jasechko et al., 2016). This
delayed contribution of baseflow is critical for maintaining river flows during rainless period, thereby playing an
indispensable role in supporting aquatic ecosystems, water supplies, and ecological balance (Lauenroth &
Bradford, 2012; Q. Liu et al., 2021; Xu et al., 2023). Quantifying the proportion of baseflow in streamflow is vital
for understanding dynamic composition of streamflow and variation of water transit times (Bloschl et al., 2019;
Hare et al., 2021; Loague et al., 2010; McDonnell & Beven, 2014). The reduction in baseflow can lead to adverse
environmental conditions, including elevated water temperatures, decreased dissolved oxygen levels, and nutrient
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enrichment, potentially resulting in harmful algal blooms and detrimental effects on endemic aquatic species
(Brookfield et al., 2021; Hare et al., 2021; Price, 2011). Conversely, increasing baseflow may elevate flood risks
and strain hydraulic infrastructure (Bhaskar et al., 2016; Evans et al., 2020). Thus, understanding baseflow dy-
namics is critical for water resource management and aquatic environments protection (Hellwig & Stahl, 2018;
Kourakos et al., 2019; Xu et al., 2023; Zarnaghsh & Husic, 2021), particularly in the face of evolving climatic
pressures (Brown et al., 2019; Evans et al., 2020; L. Li et al., 2024) and growing resource demands (Alzraiee
et al., 2024; Florke et al., 2018; Knox et al., 2018).

Since direct measurement of baseflow remains challenging, empirical baseflow filters are commonly used to
separate baseflow from streamflow (Humphrey et al., 2022; Mei, Wang, et al., 2024). Despite their straight-
forward application, these methods face scrutiny for potentially unclear results, primarily stemming from the ad-
hoc filter parameters, whose determination is fraught with uncertainty (Eckhardt, 2012; Stoelzle et al., 2020;
Yang et al., 2021). To address this issue, some studies utilize tracer data to guide the selection of filter parameters
(Cartwright, 2022; Longobardi et al., 2016). Specifically, these tracer-guided methods identify the optimal filter
parameters that capture the temporal dynamics of baseflow, which are consistent with the continuous mea-
surements of conservative chemical concentration in streamflow. Due to the additional constraint imposed by the
chemical concentration dynamics on the selection of filter parameters, this approach is considered more physi-
cally relevant and objective. However, tracer-guided methods are not applicable to most sites worldwide, as
reliable tracer data with sufficient spatiotemporal coverage are rare (Halder et al., 2015; Hou et al., 2024; Putman
& Bowen, 2019). To address this challenge and fully leverage tracer information from available sites, region-
alization of empirical baseflow filter parameters based on catchment-scale characteristics may present a viable
solution. Yet, the potential of such a framework for quantifying baseflow contributions has not been explicitly
explored in the literature, highlighting the need for further investigation.

Empirical baseflow filters are simple conceptions of the catchment system on the integrated runoff generation and
routing processes (X. Chen & Sivapalan, 2020; Eckhardt, 2005; Stewart, 2015). As such, the filter parameters can
be regarded as hydrological signatures that reflect baseflow dynamics (Beck et al., 2013; Singh et al., 2019;
Stewart, 2015; Stoelzle et al., 2020). From this perspective, the filter parameters are related to catchment-scale
characteristics, such as climate, hydrology, soil properties, vegetation, land cover, and human activities
(Addoretal., 2018; L. Li et al., 2014; Stoelzle et al., 2013; J. Zhang et al., 2020). This enable their prediction from
catchment attributes much like other baseflow signatures, such as baseflow index (BFI), recession rate, and runoff
coefficient (Beck et al., 2013; Singh et al., 2019; J. Zhang et al., 2020). For example, the block length parameter of
the smooth minima method reflects catchment response and recession rate (Aksoy et al., 2008; Stoelzle
et al., 2020), which are influenced by aquifer geometry, climate, landscape heterogeneity, hydraulic conductivity,
and river channel topology (Beck et al., 2013; Jachens et al., 2020; Stoelzle et al., 2013). Similarly, the maximum
BFI parameter of the Eckhardt (2005) recursive digital filter represents the long-term baseflow contribution to
streamflow (Eckhardt, 2005, 2012) and has been associated with catchment size and human-influenced factors
(Bloomfield et al., 2021; Singh et al., 2019; J. Zhang et al., 2020). While prior studies have not directly predicted
filter parameters from catchment characteristics, the relationships they establish provide a strong rationale for
developing predictive models for parameter regionalization.

A technical difficulty in regionalizing optimal baseflow filter parameters is the scarcity of large-sample, unified
catchment databases. This gap may have been addressed by Mei, Wang, et al. (2024), who optimized the pa-
rameters of four empirical baseflow filters using specific electrical conductance (SEC) and turbidity data for
1,100 catchments across the Contiguous United States (CONUS). Their accompanying database (Mei, Zhu, &
Wang, 2024), which includes both optimal parameters and derived daily baseflow time series, presents a timely
opportunity to test the prediction of filter parameters from catchment characteristics. Another challenge is the
absence of explicit functional relationships between these parameters and catchment characteristics. Existing
attempts are limited; to our knowledge, only a power-law relationship between catchment area and the block
length parameter of SMM has been proposed (Aksoy et al., 2008; Stoelzle et al., 2020; J. Zhang et al., 2017), an
approach constrained by its fixed form and reliance on a single predictor. Machine learning models, by contrast,
offer a powerful alternative by capturing complex, nonlinear interactions among multiple catchment descriptors
(Nearing et al., 2021). Specifically, the random forest (RF) algorithm has proven effective in hydrology for
modeling such interacting effects among climate, landscape, and hydrological variables, owing to its robustness
to multicollinearity and minimal distributional assumptions (Ali et al., 2025; Y. Shen et al., 2022). Therefore, this
study develops RF models to predict optimal baseflow filter parameters. Our central objective is to determine if
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Figure 1. Spatial distribution of the 855 selected gages with the optimal SMM parameters N (a) and M (b) superimposed.
Statistical distributions of the optimal N (c), M (d), average streamflow (e), average baseflow (f), BFI (g), catchment area (h),
and flow record length (i) are also shown.

these parameters can be accurately extended to catchments lacking environmental tracer data, thereby enabling
more objective and reliable baseflow quantification. The developed regionalization framework could be adapted
to other regional monitoring networks where tracer data are limited.

2. Study Catchments and Data
2.1. The CONUS-Wise Baseflow Database

The Mei, Zhu, and Wang (2024) data set contains 16 optimized daily baseflow time series for 1,100 gages across
CONUS. These series were generated by 16 hybrid baseflow filters, which were assembled from two tracers, two
concentration estimation methods, and four empirical baseflow filters. Based on the performance evaluation by
Mei, Wang, et al. (2024), SEC was identified a superior tracer to turbidity, and extreme value interpolation was
found more suitable than a power-function relationship for tracer concentration estimation. Furthermore, the
smooth minima method (SMM) demonstrated more consistent behavior than other digital filters. Consequently,
this study utilizes the subset of 987 gages from the data set where the SMM parameters were optimized using SEC
and extreme value interpolation for developing regionalization models. The SMM has two parameters: the block
length parameter (N) and the local minima criteria parameter (M), detailed in Section 3.1. The corresponding
daily baseflow time series for these gages, also sourced from Mei, Wang, et al. (2024), are used for validation
(Section 3.4).

The selected gages were filtered based on optimization performance and data availability. Specifically, gages with
suboptimal Kling-Gupta Efficient (KGE) between estimated and observed SEC (KGE < 0.5) were excluded (Mei,
Wang, et al., 2024). Gages with incomplete catchment characteristics were also removed from the analysis
(Section 2.2). After applying these criteria, a total of 855 gages were retained. The spatial distributions of these
gages overlaid by their respective parameter values for N and M are shown in Figures 1a and 1b. Most gages are
concentrated in the eastern CONUS compared to the central and the western parts. Within western CONUS, gages
are primarily clustered near the coast and within the upper Colorado River basin. The parameters N and M show
no dominant spatial pattern, although higher N s tend to located in the mountainous regions with drier climate and
greater snow persistence (Figure 1a). For most catchments, N is less than 11 days, while M exceeds 0.9
(Figures 1c and 1d). The statistical distributions of average streamflow, average baseflow, BFI, catchment area,
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and baseflow record length collectively demonstrate considerable diversity among the selected catchments
(Figures le-1i).

2.2. Catchment Attributes

To predict the optimal SMM parameters, a wide range of catchment attributes were used. These attributes
represent hydrology, climate, soil texture and hydraulics, geomorphology and geology, vegetation and land cover,
and water usage of the catchments (Table 1), totaling 82 predictors. These attributes were derived from different
spatiotemporal data products using similar methodologies. Most of the hydrology, climate, vegetation and land
cover, and water usage variables are spatiotemporal (highlighted in red under the “Data sources and calculation
processes” column of Table 1). They were aggregated over the catchment boundary to form corresponding time
series, which were then used to calculate different statistics, including the mean, standard deviation (SD), i-th
percentiles, and seasonality index (SI) (Walsh and Lawler, 1981). For the temporal-only streamflow and potential
evapotranspiration (PE) variables (highlighted in blue), the different statistics were calculated directly from the
time series. Spatial-only variables (unhighlighted) were processed by calculating the arithmetic mean of grids
within each catchment boundary.

3. Methods
3.1. Recaps on the Smooth Minima Baseflow Separation Method

The SMM family is a widely used category of baseflow separation methods. This study employs the Aksoy
et al. (2008) SMM variant, specifically designed to handle intermittent streamflow data. SMM operates under the
assumption that baseflow constitutes 100% of streamflow during low-flow periods (Aksoy et al., 2008; Piggott
et al., 2005). This is based on the observation that during extended rainless periods, surface runoff and rapid
subsurface flow cease, leaving slow subsurface flows (e.g., groundwater and deep interflow) as the sole con-
tributors. The implementation of SMM involves four main steps: Split the streamflow time series into consec-
utive, non-overlapping blocks of N days. Identify the local minima of streamflow, Q,, within each N-day block.
Filter out minima exceeding M times the discharge of their two immediate neighbors,

Qx,n—l > MQx,n < Qx,n+l’ (1)

where n is the index of the block. Connect the remaining minima with straight lines to form the baseflow time
series. Baseflow is set equal to streamflow whenever the calculated value exceeds the observed streamflow.

The integer block length parameter N represents an average streamflow delay and is typically defaulted to 5 days
(Hareetal.,2021;J. Xie et al., 2024). N is sensitive to the partitioning of baseflow; generally, using smaller values
of N result in a higher proportion of baseflow in streamflow (Aksoy et al., 2008; Stoelzle et al., 2020). N can also
be calculated as a function of the drainage area, A in km? (Aksoy et al., 2008; J. Zhang et al., 2017):

N =[1.6 xA*?]. )

where [ * | represent round up to the closest integer. Parameter M determines if a streamflow minimum qualifies a
local minimum. Larger values (usually not exceeding 1) indicate more strict criteria for Q, to retain. Unlike N, M
is less sensitive to baseflow separation results and is typically set to a default value of 0.9 (Aksoy et al., 2008;
Stoelzle et al., 2020). Additionally, our attempts to model the optimal M showed poor performance (see Text S1 in
Supporting Information S1 for the modeling procedures and Figure S1 in Supporting Information S1 for the
performance). Therefore, the target parameter for our prediction model is N (Section 3.2).

3.2. Random Forest-Based Prediction Framework

The N prediction framework comprises four random forest (RF) models designed for different purposes (Figure 2
parts a and b). RF is an ensemble algorithm that handles nonlinear relationships via randomized feature and data
subsets per tree, reducing overfitting and enhancing generalization (Breiman, 2001). The first RF regression
model (RF,, part a of the figure) evaluates predictor importance for all catchment attributes (Table 1). To
minimize uncertainty in predictor importance ranking, RF, was tuned for three hyperparameters, namely trees

LIN ET AL.

4 of 20

85U8017 SUOWIWOD 3AIER.ID 3jqeotjdde auyy A peusenob a8 sjole O '8sn J0 S8|nJ 10} Aleiqi8UlUO A1 UO (SUONIPUOD-pUE-SWISY/WI0D" A 1M Ake.q1puljuo//:sdiy) SUORIPUOD pue swie | a1 8es *[9202/c0/yT] Uo Arigiauliuo Ao Im * Akeiqi 86100 Ainge|pp!iAl - Buem onus Ad 850r08MGZ02/620T 0T/10p/w00" A3 |1m Are.qtputjuo'sandnBey/sdny woij papeojumoq ‘e ‘9202 '€L6.7v6T



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Water Resources Research

10.1029/2025WR040578

Table 1

Catchment Attributes Used to Develop Prediction Models for the Optimal SMM Parameters

Category Attributes Symbol (unit) Data sources and calculation processes
Hydrology Normalized mean annual streamflow O, (mm/yr) USGS, NWIS
SD of normalized daily streamflow Qsp (mm/day)
10-th percentile of normalized daily streamflow 0, (mm/day)
30-th percentile of normalized daily streamflow Q3 (mm/day)
Median of normalized daily streamflow QOso (mm/day)
SI of normalized streamflow O (&) Os1 = QLyr > ‘@m - ﬁh’
M,
Mean daily SWE "
SWE (mm) SNODAS (NOHRSC, 2004)
SD of daily SWE SWEgsp (mm) )
Proportion of days with SWE larger than 0.05 mm Sswe () Swe = NLY Z[ﬁ >, L;(SWE; > 0.05)]
Ny deD
| IWE. — SWE
ST of SWE SWEs; (-) SWEgi = ; VLISVE EZM |SWE,, — SWE|
Mean annual PE ! .
PE,, (mm/yr) Calculated based on Droogers and Allen (2002) using catchment-
SD of daily PE PEsp (/i) averaged temperature and precipitation from Daymet v4
sD (Thornton et al., 2021) as inputs
Maximum daily PE PE, (mm/day)
Median of daily PE PEsp (mm/day)
Minimum daily PE PE, (mm/day)
SI of PE PEg; (— _ BE PE,,
0 st (=) PEg = %ﬂmgM ‘PE,,, =
Groundwater table depth .
Dgy (m b.g.) MODFLOW-6 (Zell and Sanford, 2020)
Climate Mean daily minimum temperature TN (°C) Daymet v4 (Thornton et al., 2021)
Maximum daily minimum temperature TN, (°C)
Median of daily minimum temperature TNsp (°C)
Minimum daily minimum temperature TN, (°C)
SI of minimum temperature TNsi (-) TNg = m Y, |TN, — TN
2 i,
Mean daily maximum temperature o "<
TX (°C) Daymet v4 (Thornton et al., 2021)
Maximum daily maximum temperature TX, (°C)
Median of daily maximum temperature TXs0 (°C)
Minimum daily maximum temperature TX, (°C)
SI of maximum temperature TXs1 (-) TXs = = > |TX, — TX|
IMTX, S,

Mean annual precipitation

Py, (mm/yr)
95-th percentile of daily precipitation larger than 0.01 mm  Pys (mm/day)
Median of daily precipitation larger than 0.01 mm Psy (mm/day)

5-th percentile of daily precipitation larger than 0.01 mm Ps (mm/day)

Daymet v4 (Thornton et al., 2021)

Proportion of days with precipitation larger than 0.01 mm fr (%) 2
p ys with precip g A fo= 3| T JaPa>001)
&St Ny deD
SI of precipitation P o »
s1 (=) Py = P%rmeZM ‘Pm -5
Soil texture and )
A Volumetric fraction of clay Say (=) GSDE (Shangguan et al., 2014)
Volumetric fraction of silt S (=)
Volumetric fraction of sand Ssna (=)
Volumetric fraction of soil organic matters Jom (=)
Volumetric fraction of gravels Jav (=)
LIN ET AL. 5 of 20
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Table 1
Continued
Category Attributes Symbol (unit) Data sources and calculation processes
Soil susceptibility factor to erosion K (-) Calculated following Benavidez et al. (2018) using fiy, finds filt»
and fom as the inputs
Residual moisture content Wisa (%) Global soil hydraulic and thermal properties data set (Dai
et al., 2019)
Wilting point Wyt (%) Calculated based on the pedotransfer functions of Saxton and
Field capacity Wee (%) Rawls (2006) using fiiy, find, i, and fom as the inputs
Saturated water capacity W (%)
Coefficients of moisture-tension A (=)
Saturated hydraulic conductivity Ko (mm/hr)
Available water capacity AW (%) AW = Wpe — Wy
Geomorphology and Catchment area A (km?) USGS, NWIS
geology Latitude Lat (°N)
Longitude Lon (°W)
Relief ratio Rr (—) Global distributed basin morphometric data set (X. Shen
Elongation ratio Rg (&) etal., 2017)
Mean elevation Z (m as.l.) HydroSHEDS vl (Lehner et al., 2008)
SD of elevation (m a.s.l.) Zsp (m a.s.l.)
Mean drop (m) Z, (m) Zo = Y (2 - Z,)
. . beNp
Porosity of subsoil
¢ (%) GLHYMPS v2.0 (Huscroft et al., 2018)
Permeability of subsoil kg (m?)
Occurrence of R horizon Prro (—) DTB (Shangguan et al., 2017)
Vegetation and land Mean 16-daily LAI LAI (-) GLOBMAP LAI v3 (Y. Liu et al., 2012)
cover SD of 16-daily LAI LAIsp (—)
ST of LAI LA (-) LAl = i 3 [CAT, — TAT|
Biomass of root ‘
M, (Mg/ha) Global map of root biomass across the world's forests (Huang
Biomass of shoot Mgy, (Mg/ha) et al,, 2021)
Mean annual areal fraction of water bodies Swar (=) MODIS, MCD12Q2 v6.1 (Friedl et al., 2022)
Mean annual areal fraction of vegetation cover Neg (&)
Mean annual areal fraction of urban and barren land fo (=)
Mean annual areal fraction of impervious surface fim (&) NLCD (Dewitz, 2021)
SD of annual areal fraction of impervious surface Jimsp (=)
Mean areal fraction of irrigation fir (&) LANID (Y. Xie et al., 2021)
SD of areal fraction of irrigation Jirsp (=)
Population density Pop (cap/kmz) U.G.L.I. (Swanwick et al., 2022)
Water usage Mean annual surface water withdrawal WWg,: (gal/  Public supply water use reanalysis for the 2000-2020 period by
cap/yr) HUCI12, month, and year for the conterminous United States
SD of monthly surface water withdrawal WWssp (gal/ (Alzraiee et al., 2024)
cap/day)
SI of surface water withdrawal WWssi (—)
Mean annual groundwater withdrawal WWg,y: (gal/
cap/yr)
SD of monthly groundwater withdrawal WW¢ sp (gal/
cap/day)
SI of groundwater withdrawal WWesi ()
Mean annual IWU IWU,, (mm/yr) RZSM-based IWU data (C. Zhang & Long, 2021)
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Table 1
Continued
Category Attributes Symbol (unit) Data sources and calculation processes
SD of monthly IWU IWUsp
(mm/mon)
IWUg; (— _ —r WUy,
st () WUst = - % ‘IWU,,, - B
Mean daily storage ’
Y ¢ S (x10° m?) ResOpsUS (Steyaert et al., 2022)
SD of daily storage Ssp (x10° m?)
Ssi ()

Note. Data products in the “Data sources and calculation processes” column is categorized as follow: unhighlighted (spatial), highlighted blue (temporal), and high-
lighted red (spatiotemporal). Catchment attributes highlighted in gray in the “Symbol (unit)” column are selected for the development of prediction models (see
Section 3.3 for details). Acronyms: USGS: United States Geological Surveys; NWIS: National Water Information System; SNODAS: Snow Data Assimilation System;
SWE: Snow water equivalent; GSDE: Global Soil Data set for Earth System Modeling; GLHYMPS: GLobal HYdrogeology MaPS of permeability and porosity; DTB:
Global depth to bedrock data set; LAI: Leaf area index; MODIS: Moderate Resolution Imaging Spectroradiometer; NLCD: National Land Cover Data; LANID:
Landsat-based Irrigation Data set; U.G.L.I.: Updatable Gridded Lightweight Impervious population data set; HUC: Hydrologic Unit Code; RZSM: Root-zone soil
moisture; IWU: Irrigation water used. Quantities: m: month index; M,,: a set of all months; | - |: length of the set; X,,,: mean flux or state of month n2; M,,: a set of winter
months (1, 2, 3, 11, and 12); d: day index; D: a set of all days in a year; Ny: number of years in the records; SWE,;: SWE of day d; I, (SWE, > 0.05) : an indicator showing
that if SWE,; is larger than 0.05 mm; P,: precipitation of day d; J, (P, > 0.01) : an indicator showing that if P, is larger than 0.01 mm; b: grid index the catchment grids; Np:
a set of all catchment grids; Z,: elevation of grid b; Z,: elevation of the catchment outlet grid. k; values are log-transferred and multiplied by 100 for model training.

count, number of features for data splitting, and minimum leaf sample, using 10-fold cross validation and grid
search (see Text S2 and Table S1 in Supporting Information S1 for the detailed procedures) on 80% of the gages.
Ten replicated RF models were then trained with the optimal parameters. Predictive values of the catchment
attributes were measured by Gini feature importance and minimal depth (Breiman, 2001; Ishwaran, 2007).
Catchment attributes with high predictive values were retained for subsequent models.

Part b of Figure 2 illustrates a cascaded prediction framework for N. A classifier (RF,) first determines if N <5
days. Predictions of N > 5 are routed to a regressor (RF;), the outputs of which are rounded to the nearest integer.
Predications of N <5 proceed to classifier RF,, predicting N as 2, 3, or 4 days (N > 2 days following Mei, Wang,
et al. (2024)). The data set comprises 116 gages with N <5 (label 1) and 739 with N > 5 (label 0). RF, employed
stratified sampling on 80% of each group (93 N <5, 592 N >5) to address population imbalance during model
training. RF; was trained on the same 685 gages for continuous N regression, while RF, was trained solely on 93
N <5 gages. Although RF,'s training sample is relatively small, the risk of overfitting is minimal due to the
model's low complexity, tasked with distinguishing only three discrete outcomes (N = 2,3,4 days). This cascade
mitigates RF3's overestimation in predicting N values smaller than 5 days (as shown later in Figure 4). Besides,
RF; was preserved without retraining on the N > 5 training subset to maintain its performance for large N.

3.3. Measurements of Predictor Importance

Predictor importance is measured at two points in the framework (Figure 2), the 10 replicated RF, for predictor
selection (part a) and collectively for the RF, to RF, prediction models (part b). For RF,, predictor importance is
evaluated using the Gini feature importance index and minimal depth technique (Breiman, 2001; Ishwaran, 2007).
The Gini index measures node purity; feature importance depends on split frequency and impurity reduction.
Minimal depth is the shortest distance from the root of the tree to the root of a feature's maximum subtree. Features
with smaller minimal depths (appear earlier in the tree structure) are more influential (Ishwaran, 2007; Ishwaran
et al., 2010). A key advantage of the minimal depth method is its ability to test for statistically significant pre-
dictors. The average minimal depth among all features serves as the threshold to identify these important variables
(Ishwaran et al., 2010).

Figure 3 presents the feature importance ranking from the two approaches, which show strong consistency,
especially for the top-ranked attributes. Based on the ranking, 13 catchment attributes were retained for prediction
model development. These attributes consistently rank within the top 15 for both feature importance rankings and
pass the minimal depth significance test (Ishwaran et al., 2010). Their names are displayed in the lower-right
corner of the scatter plot (Figure 3) and highlighted in gray in Table 1 under the “Symbol (unit)” column.
Among the selected attributes, catchment area (A) is the most important with an average minimal depth of 0.67
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Figure 2. The RF-based prediction framework for the optimal N parameter of SMM.

and a Gini index of 0.35, followed by proportion of precipitation days (fp). While the magnitudes of the Spearman
correlation coefficient differ from the RF-based indices, the 13 selected attributes are characterized by
comparatively high values.

To interpret the relative importance of the catchment attributes in the cascaded prediction framework, one of the
permutation feature importance techniques measuring the decrease in coefficient of determination (R?) was
employed. This technique was chosen over the Gini index or minimal depth for compatibility with cascaded RF
models. The process involves randomly permuting the values of a catchment attribute while holding others
unchanged and evaluating R? reduction. Influential attributes show significant performance drops when permuted
(Breiman, 2001). To complement the predictor importance ranking, the functional relationship between the
selected catchment attributes and the optimal N parameter was evaluated using the partial dependence plots
(PDP). This technique demonstrates predictive responses of a predictor by marginalizing the effects of other
predictors (Friedman, 2001).
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Figure 3. Ranking of predictor importance indices and selection of predictors. The scatter plot shows the ranking of the
average minimal depth and the Gini index, while the histograms display the actual values. The color scale of the dots shows
the Spearman correlation coefficient between catchment attributes and the reference N.

3.4. Performance Evaluation

There are two strategies to evaluate the performance of the RF-based N prediction (Figure 2 part c). Strategy 1
directly compared predicted N values against optimal values (Mei, Zhu, & Wang, 2024) using bias (B) and the
coefficient of determination (R?):

B= /’lN,p - luN,r’ (3)

= Elc=1 (Ni —.‘41\/,r)2 - Zlc=1 (Ni - Ni)z

R2
Ziczl (Ni - /‘N,r)z

. “)

where uy is the mean of N over the gages, and the subscripts p and r denote the predicted and reference N,
respectively. C represents the total number of gages, and N; and N; are the reference and predicted N for gage i.
Positive (negative) values of B indicate over- (under-) estimation, with magnitudes closer to zero indicating better
performance. R> measures the explained variance, ranging from 0 to 1, where 1 indicates perfect agreement. For
classifiers (RF, and RF,), performance was assessed using the Receiver Operating Characteristic (ROC) curve
and the area under the ROC curve (AUC). The ROC curve plots the true positive rate against the false positive rate
at various thresholds, and the AUC ranges from O to 1, with value closer to 1 indicating better classifier per-
formance. To evaluate the additive value of our RF-based prediction, the area-based power function estimation of
(denoted as NA’,-) was also included.

Strategy 2 used the different N predictions to parameterize SMM for baseflow separation. Six parameterization
schemes were designed, combining two predictions of N (RF-based and power function) with three parameter-
izations of M: the optimal value (M;) from Mei, Zhu, and Wang (2024), the median of M; (M = 0.97), and the
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Figure 4. Performance of N prediction using the area-based power function (a, f) and the RF-based prediction framework (b, g). The performance of the RF, (c, h), RF;
(d, i), and RF, (e, j), which constitute the RF-based prediction framework, is also shown. Panels (a)—(e) represent the training set, and panels (f)—(j) represent the

validation set.

fixed value of 0.9. Baseflow separation using SMM(N;, M;) served as the reference. Discrepancies between
predicted and reference baseflow time series were measured by KGE (Gupta et al., 2009):

o 2 U 2
KGE:l—\/(p—1)2+<a—"—l) +(ﬂ—P—1), %)

where p is the correlation coefficient, and ¢ and u are the standard deviation and mean of the baseflow time series,
respectively. KGE values range from —oo to 1, with higher values indicating better performance. To further
validate baseflow accuracy, we derived SEC time series from the predicted baseflow (Text S3 in Supporting
Information S1) and compared them to the observed SEC using KGE.

4. Results
4.1. Evaluation of the Optimal N Prediction

Figure 4 compares the performance of the catchment area-based power function (Equation 2) and our RF-based
prediction framework in estimating the parameter N for both the training and validation sets. It should be noted
that the power function requires no optimization and is applied directly to the training and validation sets
separately. The power function relationship demonstrates suboptimal performance with R? values of only 0.19
and 0.34 and biases of —2.21 and —2.81 days for the training and validation sets, respectively (panel a, f). The
predicted NA,,- exhibits a clear trend of transitioning from over- to under-estimation as N increases. Specifically,
for cases where N is less than 5 days, the biases are 3.12 and 2.13 days for the training and validation sets,
respectively, while for cases where N is no less than 5 days, the biases are —3.05 and —3.59 days, respectively. In
contrast, our RF-based prediction framework achieves significantly better performance with R? values of 0.86 and
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0.80 for the training and validation sets, respectively (panel b, g), explaining at least 80% of the variability in N.
The bias of N; is —0.19 and —0.44 for the training and validation sets, just 9% and 16% of the biases observed in
the NAJ cases, respectively. However, overestimation for low N (N < 5) values and underestimation for high N
(N > 5) values remain notable with biases of 1.77 and —0.50 days for the training set and 2.70 and —0.93 days for
the validation set, respectively. The spatial distributions of both N; and IVAJ broadly reflect the pattern of &V, (i.e.,
higher values in mountainous regions). However, the prediction biases for both methods show no systematic
spatial structure (Figure S2 in Supporting Information S1).

Figures 4c—4e and 4h—4j illustrate the performances of the three individual RF models (RF,, RF;, and RF,) within
the prediction framework for the training and validation sets, respectively. Our analysis focuses on the validation
set as it is the primary target of the prediction (panels h—j). The binary prediction model, RF,, achieves an AUC of
0.80, indicating satisfactory prediction of whether N is less than 5 days or not (panel h). RF;, trained on the entire
training set, is specifically applied to gages identified as N > 5 by RF,. This is because RF; overestimates N <5
cases by 3.57 days (panel i). For cases where N> 35, R? of 0.8, indicating reasonable prediction accuracy. To
address the overestimation issue for N <5, an additional RF classification model, RF,, was introduced (panel j).
While RF, achieved moderate AUCs ranging from 0.68 to 0.76, it effectively reduces the overestimation for N < 5
from 3.57 to 2.70 days (compare panels g and i). Furthermore, the overall prediction performance improves
slightly with the R? increasing from 0.79 to 0.80. These results justify the use of a combined prediction framework
rather than relying on a single RF regression model for the entire space of N.

4.2. Predictor Importance Analysis

Figure 5a shows permutation feature importance for the 13 selected predictors, sorted by descending predictive
importance based on the mean decrease in R%. Catchment area is the most influential predictor with a mean
decrease in R? of 0.12 + 0.01. Distributions of decreases in R? for the remaining attributes exhibit some degrees of
overlap, suggesting non-strict ranking. Following A, the climatic attribute TX, (0.04 £ 0.02) and the hydrological
attribute PE, (0.03 £ 0.01) rank next. These attributes are associated with the dryness condition of the catchments.
Overall, the important predictors include two geomorphological attributes (A and Rg), five climatic attributes
(TX,, fp» Ps, Pso, and Pys), one hydrological attribute (PE,), three soil texture and hydraulic attributes (fy, Wiy

and K,), and two water usage attributes (Sgp and S).

The partial dependence plots for the 13 selected catchment attributes are depicted in Figures 5b—5n. The
catchment areas attribute exhibits a nearly monotonic power-law-like increasing trend with N, which is similar to
the area-based power-law function (Equation 2). However, for A smaller than 1,000 km2, the mean of N remains at
8 days with minimal fluctuation. Between 1,000 and 100,000 km?, the partial dependence plot shows a noticeable
upward trend, while for A larger than 100,000 km?, the response to increasing catchment area becomes more
rapid, though the trend gradually levels off (Figure 5b). Most of the other catchment attributes also reveal clear
trends but with relatively high uncertainty. For instance, the second most important attribute, the maximum daily
maximum temperature (TX,), exhibits five distinct regimes: the values of N remain unchanged for TX, lower
than 32°C, within the range of 34-42°C, and above 44°C. These plateaus are connected by two gradually
decreasing trend lines (Figure 5c). Similarly, the maximum daily PE, PE,, exhibits three regimes with an overall
decreasing trend (Figure 5d). In summary, the attributes A, K, R, and fp reveal gradually increasing trends,
while TX,, PE,, Pys, Wy, and [, show decreasing trends. The trends for the remaining catchment attributes are
not statistically significant. Detailed explanations for some of the key observed trends are provided in Sections 5.1
and 5.2.

4.3. Evaluation Through the Baseflow Separation Results

The performance of baseflow separation using different N and M parameters is evaluated using KGE (Figure 6).
Experiments utilizing RE-predicted N; outperform those using power-function-predicted NA’,- across M;, M, and
M = 0.9, with medians of KGE higher by 0.20, 0.15, and 0.18 for the training set and by 0.18, 0.12, and 0.18 for
the validation set, respectively. These results indicate a noticeable decline in baseflow separation performance
when substituting N; with NA,,-, aligns with the N prediction performance shown in Figure 4. In contrast, the
choice of M has a relatively minor influence regardless the choice of N. For the N, cases, employing the median of
M (M) or default 0.9 instead of the optimal M (M;) reduces median KGE of 0.04 and 0.07 for the training set and
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Figure 5. Predictor importance of the 13 selected catchment attributes, measured by the decrease in R (a), and their partial
dependence relationships with the optimal N (b-n).
0.04 and 0.08 for the validation set, respectively. For the NA’,- cases, using # slightly increases median KGE by
0.01 and 0.02 for the training and validation sets, respectively. This confirms the limited influence of M, vali-
dating 0.9 as a practical default. Across all six parameterizations, the spatial distribution of KGE reveal no clear
pattern (Figure S3 in Supporting Information S1).
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Figure 6. Baseflow separation performance of SMM with different parameterizations measured by KGE (a, b) and its three
components: correlation coefficient (c, d), bias ratio (e, f), and variability ratio (g, h). The titles indicate the number of
catchments analyzed. The numbers above/below the violins represent the median metric values for each parameterization.
Figures 6¢c—6h decompose KGE into its components: correlation (p), variability ratio (:—f), and bias ratio ('}%). Both
RF-based and power function predictions achieve high p. However, they differ markedly in Z—” and Z—” Power
function predictions have median ’;—" values of 1.08-1.15 and median % values of 1.12-1.23, indicating systematic
overestimation of both the mean and standard deviation of baseflow time series across most catchments. In
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within each bin.

contrast, the RF-based predictions yield median % and L values closer to 1, suggesting substantially better
reproduction of both the mean baseflow state and temporal varlablllty. Parameter M is less influential as indicated
by the similar performance among different parameterizations for the components, while using the default value

results in slightly lower median p, L and ”"

The baseflow separation performance was also evaluated with respect to the observed SEC across different
parameterizations (Figure S4 in Supporting Information S1), revealing a similar pattern as Figures 6a and 6b that

SECs estimated based on N; consistently outperform the NA!i-based ones.

Figure 7 illustrates the performance of the SMM baseflow separation measured by KGE varying for the bias of V.
Overall, the use of N, yield better performance than ]QIA,I» as evidenced by the distribution of sites across different
bins of B, aligning with Figure 6. Specifically, 517 sites (65% of the total) fall within the |B| < 1 category for N,
compared to only 156 sites (18%) for NA,I-. Additionally, 251 sites (29%) using N, +,; have B> 4 days. Regardless of
whether V; or NA,,- is used, the KGE decreases as the magnitude of B increases. However, the decrease in KGE is
less pronounced for positive biases compared to negative biases, and the range of KGE widens with higher
magnitudes of B. A detailed examination of the performance within each bias bin reveals variations in the in-
fluence of different parameterizations of M. At 0 < B <2 days, N; paired with M; yields highest medians of KGE,
followed by the i/ and 0.9 cases. For B >3 days, i emerges as the best-performing option, even outperforming
M;. Similar trends are observed for the NAJ- case with minor differences; M; performs best for biases in the range
0<B <1, while M is optimal for biases in the range 2 < B < 4. However, when B is negative, M yields the lowest
median KGEs among the three parameterizations for both N, and IVAJ. In contrast, the default value of 0.9
performs similarly to M; for biases no smaller than —2 days and even outperforms M; for more negative biases.
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5. Discussion
5.1. In Search of Sufficient Formulas for the Parameter N

The parameter N in SMM represents an estimate of streamflow delay and catchment response (Stoelzle
et al., 2020). While often default to 5 days, this approach overlooks catchment diversity (Piggott et al., 2005;
Price, 2011; Stoelzle et al., 2020). The scale-based power function using drainage area (Equation 2) improve on
defaults but remain insufficient (Aksoy et al., 2008; Stoelzle et al., 2020; J. Zhang et al., 2017). While A is
identified as the most important prediction, our RF-based prediction framework reveals improved accuracy in
estimating N by incorporating additional catchment attributes. This improvement can be attributed to two key
factors. First, the delay in streamflow response is not solely controlled by the distance rainfall excess must travel,
as reflected by the scale effect captured by A and Rp (Figures 5b and 5f). It is also influenced by the rainfall
partitioning into sinks (e.g., evapotranspiration, surface flow, and baseflow), which operate at varying celebrities
(McDonnell & Beven, 2014). These processes are reflected in the climate, hydrology, soil, and water usages
attributes of the catchment (see Section 5.2 for detailed discussions). Second, the RF-based prediction models
offer greater flexibility in incorporating diverse catchment-scale characteristics compared to the power function.
This is supported by the nonlinear response of N to A in partial dependence plot, exhibiting an overall increasing
trend with three distinct regimes (Figure 5b). For A <1000 km?, the scale effect is relatively weak and the
incorporation of other attributes fills the variation of N; for larger A, the scale effect prevails as spatial integration
averages out heterogeneity (H. Li & Sivapalan, 2011; Merz et al., 2009). Together, these factors justify our
multivariate, nonparametric approach.

5.2. Sinks of Rainfall Control the Value of N

Beyond scale-dependent attributes, additional catchment characteristics were found to be relevant for the pre-
diction of N. These attributes likely influence the average streamflow delay by governing the partitioning of
precipitation into distinct pathways with varying turnover time. Based on the long-term catchment water balance,
precipitation is primarily partitioned into evapotranspiration and streamflow. Both TX, and PE, serve as proxies
for the intensity of evapotranspiration processes. Specifically, PE, reflects the catchment's desiccation potential;
higher values indicate greater actual evapotranspiration losses during runoff generation and routing. This is
particularly relevant in our study sites, which are predominately located in humid regions where energy, rather
than water availability, is the primary limit on evapotranspiration (S. Chen & Ruan, 2023; X. Chen & Sivapa-
lan, 2020). Higher evapotranspiration losses lead to more rapid recession of the streamflow hydrograph, which in
turn reduces the streamflow delay and results in smaller N, (Figure 5d). TX, functions analogously to PE, as
temperature is positively correlated with potential evapotranspiration (Figure 5¢). The predictive importance of
these maximum values (TX,, PE,) over their means likely stems from their direct quantification of peak summer
energy forcing, which governs catchment recession dynamics. While annual means integrate across all seasons,
these maxima capture the intense evaporative stress that controls the critical post-spring recession period (Collins
et al., 2022; Stoelzle et al., 2013), thereby providing a more informative predictor of the integrated streamflow
delay (V) than averages diluted by less influential seasons.

The partial dependence relationship of soil texture and hydraulics attributes—specifically K, fiy, and W, —
with N arise from their control over runoff partitioning into surface flow and baseflow paths, governed by dif-
ferences in flow celerity (Nagy et al., 2024; Stoelzle et al., 2020). Higher K, indicate greater infiltration rate,
directing more rainfall excess into the slower subsurface flow path. This leads to a longer average streamflow
delay (larger N) when K, is relatively small (Figure 5e). In contrast, higher f4, and W, enhance soil water
retention (Addor et al., 2018; Bloomfield et al., 2021; Price, 2011), facilitate a faster flow response as shown in the
partial dependence plots (Figures 5j and 5k).

The precipitation-derived attributes fp, Ps, Psy, and Pos influence how water is partitioned among evapotrans-
piration, surface flow, and baseflow. f» represents catchment wetness, and a higher f, indicates longer precipi-
tation durations and reduced evapotranspiration losses (X. Chen & Sivapalan, 2020; Lauenroth &
Bradford, 2012), leading to prolonged hydrograph recession (larger N, Figure 5i). Ps, Pso, and Pys were derived
from non-zero catchment-averaged precipitation, indicating that Pys reflects the extreme precipitation, Ps is closer
to the mean precipitation regime, while Ps lies in between. Therefore, Ps may function similarly as fp, revealing
slight positive correlation with N (Figure 5g). Conversely, higher Pys (extreme intensity) increases the likelihood
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of infiltration excess, causing a larger proportion of rainfall excess to travel as faster surface flow (X. Chen &
Sivapalan, 2020; Loague et al., 2010), pointing to a smaller N (Figures 5h and 5I).

5.3. Limited Influence of Geological Characteristics on the Parameter N

Our feature importance analysis indicates limited predictive significance of geological characteristics for the
parameter N. This suggests that the tracer-optimized baseflow component is not a pure proxy for deep ground-
water discharge but aligns with the “old water” paradigm, wherein event streamflow comprises substantial pre-
event water mobilized diverse subsurface stores (Bloschl et al., 2019; Klaus & McDonnell, 2013). These include
not only groundwater discharge but also deeper subsurface flow pathways (e.g., lateral flow above restrictive
layers) and bank storage return flow (X. Chen et al., 2006; Kirchner, 2003; Yang et al., 2021). The integration of
these pathways, which are less uniquely tied to bedrock geology, likely dilutes the geological signal. This is
particularly relevant given that such sources can constitute a larger fraction of streamflow than deep groundwater
during high-flow periods (Cartwright, 2022; Stoelzle et al., 2020). Since the parameter N exerts a more pro-
nounced influence on baseflow separation during high-flow periods or precipitation events than during baseflow
recession (Aksoy et al., 2008; Stoelzle et al., 2020), the optimized value reflects a wet-period signal dominated by
interflow and bank storage return flow (Cartwright, 2022; X. Chen et al., 2006), whose dynamics are governed
more by soil properties than by bedrock geology (McGuire et al., 2024). Consequently, soil hydraulic attributes
emerge as stronger predictors of N, while the influence of geology is comparatively subdued.

5.4. Limitation and Future Research

While our RF framework provides satisfactory predictions for the parameter N, its compound RF structure and
nonparametric nature limits interpretability. This study used permutation feature importance and 1-dimensional
PDPs to illustrate the marginal effects of attributes on N, but these techniques do not account for attribute in-
teractions. Furthermore, our PDPs reveal relatively wide standard deviations for most attributes except catchment
area (Figure 5). This dominance is largely due to the stronger influence of catchment area compared to other
attributes. Future work could explore inherent interpretable techniques, such as symbolic regression, for modeling
the relationship between N and catchment attributes, which may improve our understanding of the underlying
mechanisms.

Mei, Wang, et al. (2024) reveal that optimal M deviated from the default value of 0.9 and varies across catch-
ments. Consequently, this study attempted to model the optimal M using a RF-based prediction framework similar
to that used for N. However, the performance of the M model is unsatisfactory with R*> of 0.2 (Figure S1 in
Supporting Information S1). Despite this, using M = 0.9 in conjunction with N; predicted by our RF-based
framework still yield acceptable baseflow separation performance (Figure 6). This can be attributed to the
relative insensitivity of M to baseflow separation (Aksoy et al., 2008; Stoelzle et al., 2020). Moreover, we found
that using M improves performance compared to the default value of 0.9, underscoring the benefits of incor-
porating network-specific information. Therefore, adopting the median optimal M can serve as a viable alter-
native when direct prediction of M is not feasible. Overall, the RF-based prediction framework of N and the
parameterization of M can be adapted to other regional gage networks with partial tracer data coverage. Future
studies could focus on evaluating the applicability of the RF-based prediction framework for such networks and
exploring other empirical baseflow filters in addition to SMM.

To support broader applications, an RF-based regionalization model for the SMM parameter N was created in
Python and shared on Zenodo along with predicted N values for 855 studied gages (Lin et al., 2025). This data set
opens a promising research direction: leveraging the RF-based SMM parameter regionalization model to
construct a regional database of optimal N parameter for other CONUS gages that lack reliable environmental
tracer measurements. With the optimal N parameter, baseflow separation can be performed for these catchments
to generate reliable baseflow estimates. Such a data set would facilitate studies on regional baseflow variations
and the response of baseflow to environmental changes.

6. Conclusions

This study develops a parameter regionalization approach for the parameter N (block length) of the smooth
minima baseflow separation method, utilizing random forest models and a range of catchment-scale
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characteristics. The accuracy of the regionalization model is evaluated by comparing the predicted N values with
the specific electrical conductance-optimized N values provided by Mei, Wang, et al. (2024). The importance of
the catchment-scale characteristics in predicting N is also assessed. Furthermore, the predicted N values are
applied in baseflow separation and the results are evaluated.

The main conclusions are that the RF-based prediction framework demonstrates excellent performance in pre-
dicting N with an R? of 0.80 and a bias of —0.44 days. Predictor importance analysis reveals that N is primarily
controlled by the catchment scale, while other parameters reflecting the allocation of rainfall excess among
different water-balance sinks with varying hydrological response times are of secondary importance. For base-
flow separation, using the multivariate RF prediction of N improves performance compared to the one using the
power function with catchment area, increasing the median KGE for magnitudes of 0.12 and 0.18. Although the
prediction of the parameter M is suboptimal (R* = 0.13), using the default and the median of optimal M across
the gages still reasonably captures the baseflow dynamics with median KGEs reaching 0.80 and 0.84, respec-
tively. Future research could explore the application of this prediction model to other regional gage networks to
improve baseflow estimation.
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