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Abstract. Accurate prediction of low flow series and statistics remains a major challenge in hydrologic modeling. This1

study evaluates the effectiveness of combining model calibration strategies and post-processing approaches to improve low2

flow simulation from hydrologic models. WRF-Hydro, a fully distributed deterministic watershed model, is calibrated, post-3

processed, and evaluated using alternative methods that only require observed and simulated streamflows. Model calibration is4

performed using alternative objective functions that target different flow magnitudes. This study applies two post-processing5

approaches, quantile mapping bias correction and stochastic ensemble generation using log-streamflow ratios, to three unregulated6

watersheds in New York State. The skill of the model simulations and post-processing techniques is evaluated by assessing7

prediction of low flow series and statistics. Calibration alone could not address conditional bias or reduce the variability8

of low streamflow estimators. While quantile mapping removes conditional bias, estimators of low flow series and design9

statistics still exhibited large variability. In contrast, ensemble-based methods led to considerable reductions in both bias and10

variability of low flow series and design statistic estimators. The ensemble methods performed better when statistics were11

obtained from an average single streamflow trace than as the average of the statistic across all ensembles. In addition, during12

a forecasting simulation, resampling of errors from the calibration period was shown to improve low flow estimators during13

forecast periods when observed streamflows are unknown. These findings suggest that improving low flow simulations requires14

shifting emphasis from calibration and bias correction methods, toward the development of ensemble-based post-processing15

approaches.16

1 Introduction17

Hydrologic drought is a natural hazard related to prolonged periods of less than typical surface and subsurface water supplies,18

resulting in low streamflow (low flow) conditions that could cause public-safety risks. On a global scale, of all the 20th19

century natural hazards, droughts had the greatest detrimental impact, due in part to the highly interrelated nature of regional20

water availability, agriculture, food supply, energy and ecosystems (Bruce, 1994; Obasi, 1994). Even relatively humid regions21

such as the Northeastern United States have experienced recent drought conditions. For instance, in 2020, below average22

1

https://doi.org/10.5194/egusphere-2026-3023
Preprint. Discussion started: 12 June 2026
c© Author(s) 2026. CC BY 4.0 License.



May–September rainfall produced an extreme hydrologic drought across much of New England with record low flow and23

groundwater, and in 2022, a similar event prompted water use restrictions and disaster declarations in parts of Rhode Island24

and Connecticut (Lombard et al., 2021; McCarthy et al., 2023). By late September 2025, about 53% of the Northeast was25

in drought, with areas of extreme drought (D3; < 5% probability) reported by the U.S. Drought Monitor (USDM) in Maine,26

New Hampshire, and Vermont (U.S. Drought Monitor, 2025). Improving predictions of low flow is essential for sustainable27

water resources management, hazard mitigation, and policy decision-making. However, it remains a challenge to provide28

reliable predictions of low flow series and statistics because they are influenced by multiple factors including variations29

in meteorological drivers, watershed-based heterogeneity, increasing anthropogenic pressures, and challenges in hydrologic30

modeling (World Meteorological Organization, 2008). These complexities not only amplify prediction errors but also expose31

fundamental limitations in how hydrological processes are represented, particularly during hydrologic extremes. As a result,32

improving the simulation and prediction of low flow has become a central focus of some hydrological modeling research33

(Tallaksen and Lanen, 2023). Vogel and Kroll (2021) argue that improved guidelines and methods are needed for the prediction34

of low flows as an analog to existing and well-established national guidelines and methods for flood frequency analysis. They35

further argue that improvements in low flow prediction should result in improved water resources design, planning, operations,36

and management under low flow conditions.37

Deterministic watershed models (DWMs) are widely used to simulate streamflow processes. Representative process-based38

DWMs, such as SAC SMA, PRMS, VIC, HBV, and WRF-Hydro, transform meteorological forcings into runoff and enable39

predictions of hydrological variables at multiple scales (Gochis et al., 2020; Singh, 2012). These models simulate physical40

processes through mathematical formulations that enforce conservation of mass, energy, and sometimes momentum thereby41

allowing for spatially and temporally continuous predictions of hydrologic variables (Clark et al., 2017). Their physics-based42

structure enables interpretability, transferability to ungauged basins, and integration with coupled land atmosphere systems43

(Johnson et al., 2023).44

Unfortunately, DWMs are inherently imperfect representations of reality. Uncertainties arise from multiple sources, including45

(1) measurement and interpolation errors in meteorological inputs, (2) simplified or incomplete representations of physical46

processes, and (3) limitations of model calibration and parameter estimation. For example, precipitation estimates at coarse47

spatial scales may fail to capture localized convective storms, while snowmelt or evapotranspiration modules may rely on48

empirical parameters that poorly reflect heterogeneous land-surface conditions (Chang et al., 2018; Puma et al., 2016). These49

uncertainties are embedded within the modeling system, leading to systematic biases and reduced predictive skill, particularly50

for hydrological extremes (Gupta et al., 2009). Such uncertainty cannot simply be ignored and leads to discrepancies between51

simulated and observed streamflow values. The strong skewness and heavy tails of streamflow distributions further complicate52

model calibration by adversely impacting common error measures such as the Nash Sutcliffe Efficiency (NSE) (Clark et al.,53

2021; Lamontagne et al., 2020). Moreover, systematic evaluation of low flow processes remains limited, and available studies54

indicate only modest skill in the ability of DWMs to reproduce low flow series (Davison and van der Kamp, 2008).55

Some DWM studies have attempted to improve low flow predictions by applying model calibration metrics that put more56

emphasis on smaller streamflows (Nicolle et al., 2014; Pushpalatha et al., 2012). Pushpalatha et al. (2012) investigated the value57
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of various transformations by computing the Nash Sutcliffe efficiency (NSE) on logarithms (LNSE), square-root (SNSE) or58

inverse-flow transformations. However, many spatially-distributed models are generally more suitable for flood prediction than59

low flow prediction, similar to the Weather Research and Forecasting Hydrological Modeling System (WRF-Hydro) employed60

in this study. This is due to their oversimplified representation of groundwater processes and large computational demands,61

so that model calibration for low flows can be challenging and produce biased and highly variable streamflow estimators62

(Bosompemaa et al., 2025). Furthermore, traditional model calibration has limited ability to address streamflow bias and63

variability for two main reasons: (1) models are typically calibrated over the entire hydrograph rather than representative64

events, and (2) calibration commonly relies on a single performance metric (e.g., NSE, SNSE, LNSE), which is insufficient to65

capture the full spectrum of model behavior.66

To mitigate these limitations, statistical post-processing has emerged as a critical component of deterministic watershed67

modeling (Li et al., 2017). The integration of stochastic post-processing with DWMs offers a way to enhance predictions of68

extreme events such as floods and droughts and effectively bridge the gap between process-based modeling and real-world69

observations. Post-processing refers to methods applied after model calibration to correct systematic biases, align statistical70

moments of model predictions with observations, and quantify predictive uncertainty (Li et al., 2017). One form of systematic71

bias in streamflow predictions, known as conditional bias, arises due to the application of DWM’s without accounting for72

model error (i.e. through post-processing). Such bias is termed conditional bias, because the streamflow output from any73

DWM represents a conditional mean value of streamflow on a given day and thus will generally have lower variance (and all74

other upper moments) than the streamflow observations used to calibrate the model. For example, Figure 3 in Farmer and Vogel75

(2016) documents the systematic bias in all streamflow observations which results from not performing post-processing. Li et76

al. (2017) review dozens of post-processing methods mostly drawn from the meteorology literature. In contrast, Shabestanipour77

et al. (2023) note that the literature on post-processing methods for use with long-range simulation, which are the focus of this78

study, is relatively sparse compared with the extensive applications in areas of meteorology and short-term flood forecasting79

reviewed by Li et al. (2017).80

Farmer and Vogel (2016) document that the need for post-processing becomes most apparent when DWMs are used to81

estimate extreme streamflows. Biases that appear small at moderate flows can result in substantial relative errors under high82

or low flow conditions (Farmer and Vogel, 2016; Krzysztofowicz, 2014). Consequently, bias correction techniques such as83

quantile mapping (QM) have been widely adopted to restore statistical consistency and reduce bias across flow regimes,84

including both high and low flows (Hashino et al., 2007; Li et al., 2017). QM typically maps the simulated cumulative85

distribution function (CDF) for streamflows to the observed CDF, leading to reproduction of the marginal distributions of86

the simulations and observations over the modeling period (Bosompemaa et al., 2025; Liu et al., 2022). For example, Liu87

et al. (2022) applied several QM variants to WRF-Hydro simulations. Their results indicated that post-processing methods88

improved simulated streamflow relative to the raw model output, even though the QM approaches exhibited comparatively89

larger uncertainties and greater sensitivity to model calibration. Similarly, Bosompemaa et al. (2025) evaluated bias-correction90

techniques for improving regional streamflow predictions from a national-scale hydrologic model. Their study applied a QM91

method termed the Flow Duration Curve (FDC) method which maps the FDC of the simulated streamflows to the FDC of the92
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observed streamflows. By systematically adjusting the streamflow magnitudes across the full range of exceedance probabilities,93

the FDC approach substantially reduces biases, particularly during low flow conditions.94

With recent developments in machine learning techniques, recurrent neural networks, for example, long short-term memory95

(LSTM) networks have been used as post-processors to improve streamflow predictions from physical hydrologic models96

(Cho and Kim, 2022; Xiang et al., 2020; Xiao et al., 2025). In a recent application to WRF-Hydro simulations over the Sierra97

Nevada Mountains, an LSTM post-processor trained on historical monthly streamflow corrected systematic WRF-Hydro errors98

and improved seasonal forecast skill by modeling temporal error dependence (Xiao et al., 2025). LSTMs effectively corrected99

systematic errors while maintaining physical consistency with the underlying WRF-Hydro simulations, notably improving100

low flow representation during the dry season and reducing RMSE in April–July seasonal streamflow forecasts compared to101

QM bias corrections. However, improvements in historical flow reconstruction did not always transfer directly to improved102

ensemble forecast performance, indicating that additional uncertainties in meteorological forcing, initial hydrologic states,103

and ensemble generation procedures limit the post-processing gains. This discrepancy highlights an important limitation of104

deterministic or mean-corrected forecasts for low flow applications. Although LSTM substantially improves bias and average105

error metrics, correcting the average flow alone does not ensure a reliable representation of the distributional tails that contribute106

to the extreme low flow characteristics. In addition, the improvements were achieved when the LSTM was implemented107

as a physics-informed post-processor that incorporated routed streamflow together with hydrological state variables from108

WRF-Hydro. When trained using streamflow information alone, without incorporating meteorological forcings or additional109

hydrologic state variables, the pure data-driven LSTM did not outperform the calibrated raw WRF-Hydro simulations (Xiao110

et al., 2025). LSTMs reliance on substantial training data, input and output sequences, and careful temporal representation may111

restrict application at sites with insufficient data.112

For drought monitoring, environmental flow management, and water-supply operations, accurately characterizing low flow113

risk requires more than just bias reduction through post-processing. It also necessitates generating statistically consistent114

streamflow ensembles that reproduce both the magnitude and variability of low flow extremes. Ensemble streamflow prediction115

provides such a framework by quantifying uncertainty arising from model structure, residual error dynamics, and forcing116

variability (Li et al., 2017; Schaake et al., 2007). An attractive and relatively simple post-processing approach was suggested117

by Shabestanipour et al. (2023), who transformed a DWM into a stochastic watershed model by adding error to the model118

outputs to generate streamflow ensembles. Their results showed that their log streamflow ratio stochastic post-processing119

framework substantially improved the representation of predictive uncertainty and reduced systematic bias across flow regimes.120

It also enhanced the original deterministic model’s performance in reproducing both low flow and high-flow statistics, while121

providing the capability to generate streamflow predictions under future scenarios.122

This study aims to explore an advanced methodological framework for simulating low flow series and statistics using123

DWMs to (1) test the impact of common calibration methods on estimating low flow series, (2) evaluate the extent to which124

stochastic post-processing methods can improve deterministic hydrological simulations of streamflow extremes during both125

calibration and forecasting periods, and (3) provide a comparative assessment of their applicability at three watersheds in New126

York State. We apply two techniques for model post-processing: bias correction using FDC quantile mapping and ensemble127
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generation using the Shabestanipour et al. (2023) log streamflow ratio approach. These techniques are applied to the spatially-128

distributed and computationally intensive WRF-Hydro DWM. Due to the long processing times of WRF-Hydro, generating129

streamflow ensembles from climatic input traces becomes computationally intensive. Statistical post-processing therefore may130

provide a computationally efficient alternative for improving model skill, removing conditional bias, and generally improving131

reproduction of low flow events.132

2 Experimental Design133

2.1 Study Sites134

This study focuses on three watersheds shown in Figure 1 with U.S. Geological Survey (USGS) stream gaging stations located135

within the Catskill/Delaware Watersheds of New York State: Schoharie Creek at Prattsville (USGS 01350000), Esopus Creek136

at Allaben (USGS 01362200), and the West Branch Delaware River at Walton (USGS 01423000). These stations are all within137

the New York City (NYC) water supply system, which provides nearly one billion gallons of unfiltered drinking water daily138

to over nine million people (New York City Department of Environmental Protection, 2025). The Schoharie Creek gage at139

Prattsville, NY, with a drainage area of 237 mi², is located upstream of the Schoharie Reservoir, which is the northernmost140

reservoir in the Catskill system. The Esopus Creek gage at Allaben, NY, with a drainage area of 63.7 mi², monitors the141

primary headwaters that flow into the Ashokan Reservoir, a major storage facility supplying the Catskill and ultimately the142

NYC distribution network. The West Branch Delaware River gage at Walton, NY, with a drainage area of 332 mi², represents143

the largest unregulated headwater basins contributing to the Cannonsville Reservoir in the Delaware system, supplying both144

NYC and downstream compact obligations to New Jersey, Pennsylvania, and Delaware. Together, these three sites form the145

upstream boundary of the principal source reservoirs that sustain NYC’s water supply. These sites are located within steep,146

forested headwater catchments of the New York City water supply system, characterized by thin glacial soils overlying fractured147

bedrock typical of the Appalachian Plateau region (Wolock, 2003). These hydrogeologic settings lead to rapid infiltration and148

shallow subsurface storage, with streamflow during non-storm periods dominated by lateral groundwater flow through soil–149

bedrock interfaces and near-stream zones rather than deep regional aquifers (Dunne and Black, 1970).150

As a result, baseflow dynamics are relatively smooth and predictable, and are commonly approximated using linear or near-151

linear reservoir representations at daily timescales (Brutsaert and Nieber, 1977; Mohan and Hunt, 2026; Vogel and Kroll, 1992).152

Sustained shallow groundwater discharge leads to perennial flow conditions throughout the year, and low flow variability is153

primarily governed by variations in groundwater storage and recession behavior.154

2.2 Data and Model155

While this experiment could be applied to any DWM, we use NCAR’s Weather Research and Forecasting Hydrological156

Modeling System (WRF-Hydro v5.2). WRF-Hydro is a spatially distributed open-source modeling system and has been157

incorporated into past versions of NOAA’s National Water Model to provide operational, high spatial resolution streamflow158
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Figure 1. Study sites in New York State, USA.

forecasts (Cosgrove et al., 2024; Gochis et al., 2020; Maidment, 2017). The default groundwater module which we employ in159

WRF-Hydro is a simple bucket-baseflow module where groundwater discharges to the channel (baseflow) as a linear function160

of storage (e.g., an exponential discharge model during periods with no groundwater recharge) (Gochis et al., 2020; Niu et161

al., 2011). Such a simplistic groundwater model should perform well in New England where groundwater dynamics are often162

described by a linear reservoir model particularly as watershed area increases (Mohan and Hunt, 2026; Vogel and Kroll, 1992).163

While WRF-Hydro is run at an hourly time-step, here we calibrate WRF-Hydro using hourly streamflows aggregated to a daily164

time-step. The WRF-Hydro simulation is executed with a gridded configuration with a 1 km horizontal resolution and 1 km165

river routing resolution.166

Our forcing data for this experiment is the North American Land Data Assimilation System Phase 2 (NLDAS-2) dataset,167

which has been described in Xia et al. (2012). This dataset represents information on essential meteorological variables168

including wind, air temperature, specific humidity, surface pressure, surface radiation and precipitation (National Aeronautics169

and Space Administration, 2023). The NLDAS-2 dataset provides a spatial resolution of 1/8th degree (approximately 12.5 km)170

and a temporal resolution of one hour, making it a valuable tool for detailed analysis of climatic variables (Xia et al., 2012).171

NLDAS-2 is the common forcing data for WRF-Hydro in the US, and thus is used in this analysis (Lahmers et al., 2019;172

Lin et al., 2018). At each watershed, during the periods for the model calibration and validation, we initially examined the173

relationships between daily average precipitation from NLDAS-2 and the observed streamflow to make sure that there was a174

reasonable relationship between these two series (e.g., streamflow rises after a large precipitation event). We also examined the175

relationships between daily average precipitation across each site from NLDAS-2 and the recorded daily average precipitation176

at the nearest monitoring station to confirm general consistency. Daily streamflow recorded by the USGS are used as the177

observed streamflow data in this study.178
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2.3 Methods179

2.3.1 Model Set Up180

The primary objective of this experiment is to develop an advanced model calibration and post-processing framework designed181

for improving the assessment of low flow conditions. The WRF-Hydro model was configured separately for each watershed182

using a ten-year spin-up period with default parameter settings to establish stable initial hydrologic states. Here a water year is183

defined as extending from April 1st of the current year to March 31st of the following year; the annual low flow season typically184

occurs in late summer to early fall in New York State, so the water year captures the typical annual low flow season. This185

definition differs from the high flow water year used by most agencies in the US, which runs from October 1st to September186

30th; using this water year may divide the annual low flow period across two water years. The spin-up period for all three sites187

extends from April 1, 2000 to March 31, 2010.188

2.3.2 Model Calibration189

Following a ten-year spin-up period, the model calibration was conducted at each study site using three different calibration190

metrics. All model calibrations are performed using the dynamically dimensioned search (DDS) method (Tolson and Shoemaker,191

2007). Parameters to be calibrated were selected based on the 18 parameters (Tables 1 and 2) chosen by National Center for192

Atmospheric Research (NCAR) for calibrating the National Water Model (NWM) (Dugger et al., 2017). Initially the model is193

calibrated by maximizing the commonly employed Nash-Sutcliffe efficiency (NSE) of the flows:194

NSEQ = 1−
∑n

i=1 (Qobs,i −Qsim,i)
2

∑n
i=1 (Qobs,i −Qobs)

2 (1)195

where Qobs,i and Qsim,i are the observed and simulated streamflows at day i, respectively, Qobs is the average of Qobs,i, and196

n is the total number of observations. NSE is a scaled, or nondimensional real-space sum of squared errors metric, and thus197

should produce the same result as any squared error metric (e.g., mean squared error).198

Initially, 150 iterations of the DDS algorithm are applied in the calibration with NSE to determine the starting values for the199

18 model parameters. Of the 18 parameters initially calibrated, 8 parameters, specifically those in categories vegetation, snow,200

and channel (Table 2) are set as constants. The remaining 10 parameters, which should have a larger impact on surface and201

subsurface runoff, groundwater, and channel processes (Table 1), are further calibrated in this experiment with their starting202

values set to the values obtained from the initial calibration. The model is then calibrated for an additional 100 DDS iterations203

using three different metrics: NSE, log-space NSE (LNSE), and square root of NSE (SNSE).204

LNSE is defined as:205

LNSE = 1−
∑n

i=1 (ln(Qobs,i)− ln(Qsim,i))
2

∑n
i=1 (ln(Qobs,i)− ln(Qobs))

2 (2)206

where ln(Qobs,i)and ln(Qsim,i) are the log-transformed observed and simulated streamflows at day i, respectively, ln(Qobs) is207

the mean of ln(Qobs,i), and n is the total number of observations. The LNSE is commonly used to calibrate models focused on208
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Table 1. Ten primary model parameters fully calibrated in this study.

Parameter Description Category

BEXP Pore size distribution index Soil parameters

SMCMAX Saturated soil moisture content, i.e., porosity Soil parameters

DKSAT Saturated hydraulic conductivity Soil parameters

REFKDT Surface runoff parameter. REFKDT is a tunable parameter that significantly impacts

surface infiltration and hence the partitioning of total runoff into surface and

subsurface runoff. Increasing REFKDT decreases surface runoff.

Runoff parameters

SLOPE Linear scaling of “openness” of the bottom drainage boundary Runoff parameters

RETDEPRTFAC Multiplier on retention depth limit Runoff parameters

LKSATFAC Multiplier on lateral hydraulic conductivity, which controls anisotropy between

vertical and lateral conductivity

Runoff parameters

Zmax Maximum groundwater bucket depth Groundwater parameters

Expon Exponent controlling rate of bucket drainage as a function of depth Groundwater parameters

Coeff Coefficient of the bucket model Groundwater parameters

low flow, as these transformations increase the weight assigned to smaller observations as opposed to larger observations by209

reducing the scale and skewness in streamflow observations (Huang et al., 2013; Koch et al., 2018; Pushpalatha et al., 2012).210

In addition, a logarithmic transformation reduces the variability of the NSE, which has been shown to be an unstable estimator211

of model efficiency (Lamontagne et al., 2020). Since none of the watersheds considered in this experiment have intermittent212

streamflow, the log transformation does not require additional handling of zero streamflows.213

Pushpalatha et al. (2012) explored many different metrics for evaluating low flow series, including the SNSE of daily flows214

across all sites. This metric is a balance between NSE and LNSE, with less weight than NSE on the largest observations and215

less weight than LNSE on the smallest observations, and has been shown to fit flow over a wide range of streamflow conditions216

(Oudin et al., 2006; Pushpalatha et al., 2012). SNSE is defined as:217

SNSE = 1−
∑n

i=1 (
√
Qobs,i −

√
Qsim,i)

2

∑n
i=1 (

√
Qobs,i −

√
Qobs)

2 (3)218

where
√
Qobs is the average of

√
Qobs,i. While we can’t be certain that the DDS algorithm converges to a global optimal219

solution for every calibration metric, we ensured consistency across the calibration metrics by verifying that it yields the best220

value for each calibration metric tested.221
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Table 2. Eight secondary parameters calibrated only during the initial calibration stage in this study.

Parameter Description Category

CWPVT Canopy wind parameter Vegetation parameters

VCMX25 Maximum carboxylation at 25 ◦C Vegetation parameters

MP Slope of Ball–Berry conductance relationship Vegetation parameters

HVT Canopy top height Vegetation parameters

BtwWdth Bottom width of channel Channel parameters

ChSlp Channel side slope Channel parameters

N Manning’s N Channel parameters

MFSNO Melt factor for snow depletion curve Snow parameters

2.3.3 Post-processing on Simulated Variables: Bias Correction and Ensemble Stremflow Generation222

Hydrological model uncertainty arises from multiple sources including input data, model structural formulations, streamflow223

measurement error and parameter estimation, and these sources of uncertainty can lead to systematic errors in simulated224

flows. Statistical post-processing techniques could be applied to reduce bias and potentially improve the predictive skill of the225

simulation outputs (Brown and Seo, 2010; Li et al., 2017; Moges et al., 2021). In this study, we assess two post-processing226

techniques: FDC bias correction using quantile mapping (QM), and ensemble generation (EG) of streamflow realizations using227

Shabestanipour et al.’s (2023) log streamflow ratio approach.228

QM is widely implemented for hydrologic model outputs and it adjusts the statistical distribution of simulated variables so229

that their empirical cumulative distribution function (cdf) aligns with that of observed data (Li et al., 2010; Wood et al., 2004).230

This method establishes a transfer function between the simulated and observed quantiles and applies it to correct the simulated231

time series. By modifying model outputs rather than parameters, QM can remove systematic biases remaining after calibration232

(Bum Kim et al., 2021; Cannon et al., 2015). Previous studies show that QM is effective at correcting bias and improving the233

representation of extreme events such as droughts and floods (Bosompemaa et al., 2025; Maraun, 2013).234

Here streamflow quantiles are mapped based on a Flow Duration Curve (FDC) to adjust daily simulated streamflows at235

each gaging site to match the corresponding observed flow distributions (Bosompemaa et al., 2025; Farmer et al., 2018).236

This mapping function preserves the rank order of the simulated flows while adjusting their magnitudes to conform to the237

observed flow regime. The resulting adjusted streamflow values were used as the bias-corrected simulated series. This method238

(QM) typically employs the entire FDC. Bosompemaa et al. (2025) found this FDC-based correction performed particularly239

well for low flows. To ensure that the bias in simulated streamflow was effectively corrected across all flow magnitudes, the240

FDC mapping technique was also applied separately to each quartile within each water year, referred to here as QMQ. In241

this approach, daily streamflows within a water year are first divided into four groups based on observed flow quartiles: Q1242

(0–25%); Q2 (25–50%); Q3 (50–75%) and Q4 (75–100%). The FDC mapping is then performed independently within each243
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quartile group. By allowing separate bias-correction relationships for different flow regimes, the QMQ approach captures244

seasonal variations in streamflow prediction more effectively, resulting in less bias in both high-flow and low flow regimes.245

In this study we generated streamflow ensembles from the calibrated watershed model to represent residual uncertainty246

in simulated flows. The core assumption is that the deterministic model produces a single “best estimate” of the conditional247

mean of the daily streamflow on a given day, but that there remains unrepresented model error variability which should not248

be ignored (Farmer and Vogel, 2016). Following Shabestanipour et al. (2023), we assume that the log ratio of observed to249

simulated streamflow contains a stochastic component that can be modelled, and that by adding this error component back250

to the deterministic simulation we can produce ensemble traces of the streamflow series. We first compute the log of the251

innovation ratio:252

It = ln(Qobs,t/Qsim, t) (4)253

for each day t over the 6-year calibration period and then fit an autoregressive model (AR) to this series. Various lag AR254

models were explored to identify a model where the resulting residuals have no remaining significant serial correlation; for255

these watersheds, a lag-8 AR model (AR(8)) with parameters denoted as c and φ was found to be most appropriate:256

It = c+ φ1It−1 + φ2It−2 +φ3It−3 +φ4It−4 +φ5It−5 +φ6It−6 +φ7It−7 +φ8It−8 + εt (5)257

Similar to Shabestanipour et al. (2023), we then partitioned residuals from this model into months, and then randomly258

resampled these monthly residuals, εt, to preserve the seasonal structure of model errors to obtain random sequences of It.259

Starting on the 9th day of the simulation, we then apply this It back to the deterministic simulation to generate an ensemble260

streamflow trace:261

Qens,i(t) =
Qsim(t)

exp(It)
∗BCF (6)262

where BCF is a transformation bias correction factor that is needed to address the bias introduced during the transformation of263

It from log space to real space (Shabestanipour et al., 2023):264

BCF = exp(µI −
σ2
I

2
) (7)265

where µI and σ2
I here represent the mean and variance of the It series. In this experiment, 1000 ensemble traces were generated.266

The ensemble technique requires both the simulated and observed flow series. For the validation (forecast) period, one would267

not have observed streamflows. To address this, two different approaches were employed to generate ensemble streamflows.268

In the first approach, observations were assumed to be available, and ensemble streamflows were generated using an AR(8)269

model derived from validation-period simulated and observed flows. This approach assesses the consistency and robustness270

of the post-processing framework across different time periods without introducing additional predictive assumptions. In the271

second approach, observations were assumed to be unavailable and ensemble streamflows were generated using the estimated272

calibration-period AR model. Residuals were resampled from the calibration-period simulations and observations, thereby273

mimicking a true forecasting scenario. This method evaluates the ability of this modeling framework to forecast streamflow274

under conditions where no contemporaneous observations are available.275
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2.3.4 Model Evaluation276

The model skill was evaluated by comparing deterministic simulations before and after post-processing to observed streamflow277

series and statistics, with a particular emphasis on the low flow regime. During the calibration period, model performance was278

assessed by comparing original deterministic simulations, QM bias-corrected simulations, and the ensemble streamflow traces279

to evaluate the effectiveness of the calibration and post-processing framework in improving model prediction skill. During280

calibration, the ensemble traces were evaluated in two ways: (1) computing the mean of the statistic across all ensemble traces281

(ME), and (2) from the statistics derived from a single mean ensemble trace (EM). In the validation period, two scenarios were282

considered. The first mirrors the calibration setup, with ensemble traces evaluated in EM and ME. The second is analogous to283

a forecasting period, ensemble traces were evaluated using the single mean of the statistic across all ensemble forecasts (MEF)284

as well from statistics derived from a single mean ensemble mean forecast (EMF).285

Low flow model skill was assessed using the entire FDC, the lowest quartile (below the 25th percentile) of daily streamflows286

in each year, annual FDC quantiles with an exceedance probability of 90% (Q90), 95% (Q95), and 99% (Q99), and annual287

minimum 3-day, 7-day, 14-day and 30-day average flows. These streamflow series and associated statistics describe the288

frequency, magnitude, and duration of hydrologic drought events, and both FDC quantiles and d-day annual minimums were289

chosen because they are common low flow design statistics (Wiley, 2006; World Meteorological Organization, 2008).290

The same low flow series and statistics that were used to assess the model during the calibration period were also used during291

the validation period. Through this evaluation, the model’s ability to reproduce and forecast critical low flow conditions was292

assessed, demonstrating its potential utility for drought forecasting and water resource management.293

3 Results and Discussion294

3.1 Bias Duration Curve295

Farmer and Vogel (2016, Figure 3) introduced a Bias Duration Curve (BDC), which is an evaluation tool developed to diagnose296

and visualize the magnitude of model bias across the full spectrum of streamflow conditions. To create a BDC, at each quantile297

of the FDC, the simulated streamflow quantile is subtracted from the observed streamflow quantile, and that quantity is then298

divided by the observed streamflow quantile, resulting in a curve of percent bias versus exceedance probability.299

Figure 2 presents BDCs for the Schoharie Creek at Prattsville, NY study site, with each figure corresponding to one of the300

three calibration metrics: NSE, LNSE, and SNSE. Different colors on the BDC correspond to the deterministic streamflow301

(Qsim) and the three post-processing methods: QM, ME and EM. Both ME and EM are based on 1000 ensembles. Results for302

the other two watersheds were similar and thus are not shown here. Results for QM, which performs bias correction across the303

entire FDC, and QMQ, which performs bias correction across each quarter of a year separately, were nearly indistinguishable,304

thus only QM is shown here.305

As expected, the original calibrated simulations (Qsim) systematically overestimated low flows and underestimated high306

flows with levels of conditional bias that vary across calibration metrics and flow regimes. This is most apparent for the model307
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Figure 2. Bias duration curves at Schoharie Creek at Prattsville, NY, for the original simulation (Qsim), quantile mapping (QM), mean across

all ensembles (ME), and ensemble mean (EM) for models calibrated by NSE, LNSE, and SNSE.

calibrated with NSE, though similar conditional bias occurred when the model was calibrated with LNSE or SNSE. Applying308

FDC-based bias correction (QM) eliminates nearly all bias in the BDC regardless of the calibration metric, while the two309

ensemble post-processing methods assessed (ME and EM) reduce but do not completely remove conditional bias. Evaluating310

the BDC alone is not sufficient to assess model skill at low flow conditions, as low flow behavior is also sensitive to variability311

in the lower tail of the distribution.312

3.2 Estimation of the lowest quantile of streamflow313

Figure 3 summarizes the average bias and root mean square error (RMSE) of the streamflow smaller than the 25th percentile314

for the original simulation, quantile mapping, and ensemble generation across three calibration metrics (NSE, LNSE, SNSE)315

for three watersheds.316

Importantly, and what is immediately apparent in Figure 3, is that the ensemble mean streamflow (EM) generally achieves317

the lowest bias and RMSE across nearly all sites and calibration metrics, demonstrating its capacity to reduce unexplained318

variability and improve predictive accuracy during low flow periods. EM performed better than the mean of the ensembles319

(ME), which may have been adversely impacted by some particularly unusual ensembles. Across all watersheds and metrics,320

the conditional mean daily streamflows from the original deterministic model after calibration (Qsim) exhibit substantial321

positive bias indicating a systematic tendency to overpredict low flow. This pattern persists regardless of whether the model is322

calibrated using NSE, LNSE, or SNSE, demonstrating that calibration alone is insufficient to address the issue of conditional323

bias inherent in the simulations, especially for low flow conditions.324

Application of all post-processing methods (QM, ME and EM) generally leads to reductions in bias across all three watersheds325

compared to Qsim. The FDC-based bias correction on quarterly flows (QMQ) more effectively mitigates conditional bias for326

the smallest streamflows and consistently provides better results than QM. The bias of the lowest 25% of streamflows averaged327

across ensembles (ME) and from the single mean ensemble trace (EM) produces the same value for bias (which is to be328
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Figure 3. Bias and root mean square error (RMSE) for the original simulation (Qsim), quantile mapping (QM), quantile mapping based on

quartered flow (QMQ), mean of ensembles (ME), and ensemble mean (EM) for streamflows below the 25th percentile for models calibrated

with NSE, LNSE, and SNSE at the three watersheds.

expected), and in general was similar to that of QMQ, especially at Schoharie Creek and Esopus Creek. The bias of the lowest329

25% of the flows for the QMQ, ME and EM results was closest to zero for the model calibrated using SNSE.330

Calibrated streamflows without post-processing (Qsim) consistently exhibit a large RMSE when evaluated over the lowest331

quartile of flows, indicating substantial variability even after site-specific calibration. Bias-corrected simulations (QM) produce332

limited reductions in RMSE, while QMQ produce noticeable reductions in RMSE, particularly for LNSE- and SNSE-calibrated333

models, which is consistent with the low flow emphasis of these objective functions. Across all three study sites, for the lowest334

25% of streamflow, EM generally has the lowest RMSE, especially when the model is calibrated with SNSE.335

3.3 Estimation of the low flow design statistics336

Methods were also evaluated using two classes of low flow design statistics: AM_d, the annual minimum d-day average flow337

commonly used in hydrologic design, where d = 3, 7, 14 and 30 days, and Qp, the annual FDC quantile with an exceedance-338

probability p where p = 90%, 95%, and 99%. Each statistic was calculated separately at each watershed for each water year339

and then results were averaged across the three study sites. Figure 4 summarizes the bias and RMSE of annual Qp and AM_d340
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estimators during the calibration period, averaged across all three study sites. Across all calibration metrics (LNSE, NSE,341

SNSE), Qsim exhibited substantial positive bias and high RMSE values for both AM_d and Qp. Application of the QMQ bias342

correction, which is possible only during the calibration period because it requires observed flows to derive the bias correction,343

effectively reduces bias to near zero for both classes of statistics. In contrast, RMSE of QMQ increases compared to Qsim,344

suggesting that although QMQ is effective at correcting average tendencies, it is not successful in reducing the overall spread345

and variability of low flow design statistic estimators. Because our previous results indicate that QM performs similarly to or346

slightly worse than QMQ, only QMQ results are presented in these and subsequent analyses. Because the QMQ method is347

designed to match the flow duration curve, it performs especially well for statistics that mainly reflect the central tendency348

of the corrected portion of the distribution, as illustrated by the daily streamflow comparison in Figure 3. However, low-flow349

design statistics depend strongly on the timing and magnitude of the most extreme low-flow events, which QMQ does not350

explicitly preserve. As a result, bias can still be reduced while RMSE remains high because event-specific errors and temporal351

mismatches persist. The most consistent improvements in both bias and RMSE are achieved using the ensemble streamflow352

methods (ME and EM), which produce bias closer to zero than Qsim while also resulting in the smallest RMSE for both AM_d353

and Qp. Again, EM was slightly better (bias closer to zero and smaller RMSE) than ME. Models calibrated using SNSE led354

to improved results compared to models calibrated using NSE and LNSE, those these results were similar and EM and ME355

post-processing improved the estimators of low flow design statistics for all calibrated models.356

Figure 5 illustrates the same comparisons during the validation period as those shown for the calibration period in Figure 4.357

During the validation period, bias correction (QM and QMQ) cannot be applied because observations are not available. The358

comparison in Figure 5 therefore focuses on two forms of ensemble streamflow: ME, generated as if observations were known,359

consistent with the calibration approach, and MEF generated under the assumption that observations are unavailable and the AR360

model and residuals from the calibration period are employed to forecast the 6-year validation streamflow sequence. In addition361

to the average statistics across all the ensemble traces, the statistics obtained were also derived from a single averaged mean362

trace (EM), and EM with the AR model and residuals from the calibration (EMF). Similar to the calibration period results, both363

ensemble methods (EM and ME) have smaller bias and RMSE than the original simulation (Qsim) when estimating AM_d364

and Qp, with EM producing the lowest bias and RMSE. Similarly, EMF and MEF also show some improvements compared365

to the original simulation, indicating the potential to use these techniques for improved model forecasting, but there was some366

drop in performance compared to EM and ME. While EM performed better than ME during the validation period, EMF and367

MEF performed similarly here. Among all the calibration metrics, results using a model calibrated with SNSE consistently led368

to the best performance with the bias near zero and RMSE very small during both calibration and validation periods.369

4 Conclusions370

This experiment was designed to assess the skill of a fully distributed deterministic hydrologic model, WRF-Hydro, to371

reproduce observed low flow series and statistics. Alternative calibration metrics as well as the use of two post-processing372

approaches were evaluated. Both post-processing approaches, the FDC-based quantile mapping for the entire FDC, which373
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Figure 4. Average bias and RMSE for the original simulation (Qsim), quantile mapping based on quartered flow (QMQ), mean of ensembles

(ME), and ensemble mean trace (EM) when estimating annual FDC quantiles Q90, Q95, and Q99 (left) and annual minimum d-day flows

AM3, AM7, AM14, and AM30 (right) across all three watersheds during the calibration period.

was evaluated by Bosompemaa et al. (2025), and the log-ratio ensemble post-processing method, which was proposed by374

Shabestanipour et al. (2023), do not require extensive model inputs and outputs; they only require simulated and observed375

streamflows. The FDC-based quantile mapping was evaluated over the entire FDC (QM) and the FDC of each quartile (QMQ).376

This experiment was carried out at three unregulated watersheds in New York State which provide streamflow to New York377

City’s water supply reservoirs. This experiment examined bias across the entire spectrum of streamflows, and the bias and root378

mean square error (RMSE) of the lowest 25th percentile of streamflow and common low flow design statistics. The experiment379

was performed across a calibration period, where the observations were assumed to be known, and a validation period, where380

the observations were assumed to be unknown. The results of these experiments were as follows:381

1. Calibration alone, regardless of the calibration metrics used, cannot eliminate conditional bias in simulated streamflow382

across the watersheds considered. Here we explored the use of NSE, the log-space NSE (LNSE), and the square root NSE383

(SNSE), all of which are objective functions that assign different weight to observations depending on their magnitude. All384

three calibration approaches resulted in considerable conditional bias, especially for low and high extreme streamflows.385
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Figure 5. Bias and RMSE for original simulation (Qsim), mean of ensemble (ME), mean of ensemble forecast (MEF), ensemble mean trace

(EM), ensemble mean forecast (EMF) when estimating annual FDC quantiles Q90, Q95 and Q99 (left) and annual minimum d-day flows

AM3, AM7, AM14 and AM30 (right) across all three watersheds during the validation period.

2. Overall, we found that use of ensemble-based post-processing methods led to considerable reductions in both the bias386

and RMSE of low flow series and design statistics compared to either the deterministic streamflow simulation (Qsim) or bias387

correction quantile mapping methods (QM and QMQ) during both calibration (Figures 2, 3 and 4) and validation (Figure 5)388

periods. This important finding suggests that to improve DWM simulations, greater attention should be given to improvements389

in ensemble-based post-processing approaches than to the vast literature and attention given to model calibration and bias390

correction methods.391

3. Another important finding was that among all the tested calibration metrics, the SNSE calibration objective combined392

with log-ratio ensemble post-processing generally provided the best performance across all watersheds and flow statistics,393

though post-processing techniques improved the performance of all models, regardless of the calibration metric employed.394

The SNSE objective reduces the influence of large streamflows which is especially important when the flow distribution is395

highly skewed with heavy tails. As a result, SNSE promotes a more balanced treatment of model errors across the flow range,396

16

https://doi.org/10.5194/egusphere-2026-3023
Preprint. Discussion started: 12 June 2026
c© Author(s) 2026. CC BY 4.0 License.



leading to transformed residuals with more uniform variance and reduced heteroscedasticity. This finding is consistent with the397

recommendations of Lamontagne et al. (2020) and Clark et al. (2021) who document the enormous impact of outliers on the398

performance of NSE. While there were no intermittent streamflows in this analysis, unlike LNSE, SNSE can more easily adapt399

to incorporating zero streamflows into this analysis.400

4. Ensemble generation was analyzed in two ways: calculating the series or statistic of interest for individual ensembles and401

then averaging the statistic across all ensembles (ME) and taking the mean of all ensembles to obtain a single mean streamflow402

trace and calculating the statistic of interest from that single ensemble trace (EM). Both methods generally performed well for403

both calibration and validation, reducing the bias and RMSE of low flow series and statistics; however, EM consistently shows404

a smaller RMSE than ME, indicating that using the ensemble mean trace may be more effective than averaging performance405

statistics across individual ensemble members.406

5. For the forecasting/validation experiment, we assess the decrease in skill of the ensemble method when observations are407

not known and model residuals are sampled from the calibration period to produce forecast ensembles. While there was a408

decrease in skill of the ensemble method compared to the ensemble method when observations were unknown, both ensemble409

forecasting methods (EMF and MEF) performed similarly and provided some benefits over the original simulation with reduced410

bias and RMSE.411

6. Quantile mapping was performed in two ways: using the entire flow duration curve (FDC) at once (QM), and quantile412

mapping using each quarter of the flow duration curve (QMQ). Although QMQ and QM rely on the same FDC bias correction413

framework, QMQ consistently had a bias and RMSE similar or lower than that of QM across all analyses, indicating that414

applying the correction separately to each streamflow quarter enhances its effectiveness in producing low flow series and415

statistics. While FDC-based quantile mapping appears to mitigate the systematic bias of low flow series and statistics, it results416

in higher RMSE than ensemble-based approaches, highlighting the need for further research into the development of ensemble-417

based post-processing approaches and stochastic watershed models (Vogel, 2017).418

While this experiment showed the potential benefits of post-processing when modeling low flow series and statistics, further419

analyses are warranted. Only three relatively homogeneous watersheds were examined. Low flow processes can vary widely in420

different regions, and the proposed methods should be analyzed at more watersheds with varying groundwater and streamflow421

processes. In addition, the tradeoffs between using the proposed bias correction methods based on quantile mapping as well422

as the log-ratio ensemble generation approaches should be compared to post-processing methods based on machine learning423

such as LSTMs. Overall, this experiment provides further evidence that post-processing can improve the estimation of low424

flow series and statistics compared to the original deterministic model simulation, which represents only the conditional mean425

streamflow on a given day. In addition, model calibration alone cannot remove conditional bias or reduce RMSE of low426

flow series and statistics, but model post-processing can greatly improve these estimators, regardless of the calibration metric427

employed.428
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