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Abstract

Context and motivation. Conventional hydrological practice treats the Time of Concentration (7.) as an
intrinsic, invariant watershed property estimated through empirical formulas. This assumption introduces
significant uncertainty when 7. is used in semi-distributed models for extreme-event design, particularly
in large watersheds where storage, attenuation and nonlinear flow effects dominate the hydrograph
shape.

Objective. This paper presents IBER_TcEstimator v1.0, an open-source R framework that extracts
event-specific 1. estimates—with formal uncertainty quantification—from IBER hydrographs, and char-
acterises the event through a hydrological signature analysis.

Methods. The framework integrates five modules: (A) uncertainty quantification via GLUE and Boot-
strap BCa; (B) baseflow separation with three recursive digital filters; (C) effective precipitation via CN-
NRCS; (D) generation of SCS, Clark and GIUH synthetic unit hydrographs plus Tikhonov deconvolu-
tion; and (E) advanced diagnostics including KGE, NSE, PBIAS, Durbin-Watson and Ljung-Box tests,
T. — Q) elasticity, and hydrological event signature (FDC, Richards-Baker flashiness index, recession
slope).

Proof-of-concept results. On a synthetic 150.5km? watershed (CN = 82, L. = 28.36km, S =
0.0073), the SCS Lag method yields 7. = 17.85h—2.1 to 7.1 times larger than six empirical formu-
las (Kirpich: 2.5h; Temez: 7.96 h)—with a 95% BCa Bootstrap Cl of [13.02,22.59] h (convergence
verified: 0.76 % relative Cl width difference). GLUE produces a posterior median of 16.20h (95 %
Cl: [12.71,19.75] h) with 31.6 % behavioural realisations (KGE > 0.50). Performance metrics indicate
good-to-very-good shape fit (KGE = 0.667, NSE = 0.808), with a volumetric bias (PBIAS = 26.64 %)
and strong residual autocorrelation (DW ~ 0, LB = 27553, p < 0.001) explicitly characterised. The
event FDC reveals a highly attenuated response (R-B flashiness index = 0.0009) with very slow reces-
sion (slope = 0.0179 decades per percentage point). Three baseflow filters yield a narrow BFI range of
0.82-0.85 (CV < 2%). The record duration (14 h) is 0.78 times T, below the recommended ratio of 2.5
for reliable baseflow separation.

Limitations and outlook. As a proof-of-concept, results are based on a synthetic watershed. Validation
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against real gauged catchments, multi-event analysis, and global sensitivity analysis are the primary next
steps.

Keywords: Time of concentration; IBER; synthetic unit hydrograph; GLUE; baseflow separation; hydro-

logical event signature; CN-NRCS; hydrological uncertainty; Nash-Sutcliffe efficiency; Durbin-Watson

test; Shapiro-Wilk test; proof-of-concept; R software.

Software availability: IBER_TcEstimator v1.0 is open-source athttps://github.com/MauricioVictoriaN/
IBER_TcEstimator (MIT licence).
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Acronym
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BCa
BFI

Cl

CN
Ccv
DwW
FDC
GIUH
GLUE
HU
IBER
ISO
KGE
KGE"”
LB
LOESS
NRCS
NSE
PBIAS
PBPF
R-B
RMSE
SCS
SUH
Ts0
UH
WMO

Bias-corrected and accelerated (Bootstrap)
Baseflow Index

Confidence interval

Curve Number (NRCS method)

Coefficient of variation

Durbin-Watson (test statistic)

Flow Duration Curve

Geomorphoclimatic Instantaneous Unit Hydrograph
Generalised Likelihood Uncertainty Estimation
Unit Hydrograph

2D finite-volume hydraulic-hydrological model
International Organization for Standardization
Kling-Gupta Efficiency

Modified Kling-Gupta Efficiency (Kling et al., 2012)
Ljung-Box (test statistic)

Locally Estimated Scatterplot Smoothing

Natural Resources Conservation Service (USDA)
Nash-Sutcliffe Efficiency

Percent Bias

Peak Bias in Peak Flow

Richards-Baker (flashiness index)

Root Mean Square Error

Soil Conservation Service (former name of NRCS)
Synthetic Unit Hydrograph

Time to centroid (50 %) of effective precipitation
Unit Hydrograph

World Meteorological Organization




1 Introduction

The Time of Concentration (7,) is one of the most widely used parameters in hydrological design: it defines
the critical storm duration for peak-discharge computation, governs the shape of the design hydrograph,
and is directly embedded in the unit-hydrograph theory underlying tools such as HEC-HMS [7, 53]. Despite
its central role, T, estimation remains one of the most uncertain steps in the hydrological design chain, with
published formulas often producing estimates that differ by an order of magnitude for the same watershed
[21, 18].

Conventional practice estimates 7. from empirical formulas calibrated on specific geomorphological and
climatic contexts—Kirpich [27], Temez [49], Bransby-Williams [6], SCS Lag [40]—calibrated on datasets
that often lacked information on the interrelationships between watershed characteristics [19]. The result
is treated as a static, event-independent property. Several studies have challenged this assumption: T,
varies with rainfall intensity, antecedent soil moisture, and event magnitude [54, 15, 34]. McCuen et al. [33]
showed that empirical formulas designed for small agricultural watersheds can produce severe errors
when applied to large or complex basins. Gericke and Smithers [16] reviewed 26 methods and found
inter-method variability of up to 500 % on ungauged catchments.

The IBER model [4]—a two-dimensional, finite-volume hydraulic solver widely used in Spain and Latin
America for flood inundation and design-storm analysis—produces high-resolution runoff hydrographs that
implicitly encode the full physics of flow routing, attenuation and storage for a given design event. Since
version 3, IBER incorporates a fully distributed hydrological module [5] that resolves the rainfall-runoff
transformation over the entire catchment using the 2D shallow-water equations, coupled with spatially
distributed infiltration (Green-Ampt or CN-NRCS), subsurface flow, evapotranspiration, and percolation
processes. This distributed module operates on the same finite-volume mesh as the hydrodynamic engine,
making the simulated outlet hydrograph a direct, physically consistent product of the rainfall input, terrain
topography, and soil properties. Yet no standardised, open-source protocol exists for extracting event-
specific T,, from IBER outputs in a reproducible, uncertainty-aware manner. Practitioners currently rely
on empirical formulas applied independently of the IBER simulation, discarding the dynamic information
contained in the simulated hydrograph.

This paper addresses that gap by presenting IBER_TcEstimator v1.0, a modular R framework that (i) ex-
tracts T, from IBER hydrographs via the SCS Lag method, (ii) quantifies estimation uncertainty through
both Bootstrap BCa and GLUE approaches, (iii) compares multiple baseflow separation filters and syn-
thetic unit hydrographs, and (iv) diagnoses model performance through a comprehensive set of interna-
tional metrics and event signatures.

Scope declaration. This work is explicitly presented as a proof-of-concept demonstration. The evaluation
is performed on a synthetic watershed with design-storm inputs, not on a real gauged catchment with
observed discharge records. This methodological choice is intentional at this stage of development: it
allows controlled, reproducible demonstration of the framework’s full computational pipeline without the
confounding effects of real-data uncertainty (sensor errors, rating-curve uncertainty, land-use change).
The limitations of this approach and the validation roadmap are discussed explicitly in Section 7.

1.1 Research objectives

1. Estimate event-specific 7. from IBER hydrographs via SCS Lag with Bootstrap BCa and GLUE
uncertainty quantification.

2. Compare three baseflow separation filters with automatic recession parameter estimation.



3. Generate and compare SCS, Clark, GIUH synthetic unit hydrographs and an empirical UH via
Tikhonov deconvolution.

4. Evaluate model performance through KGE, NSE, PBIAS, peak metrics, Durbin-Watson and Ljung-
Box residual diagnostics.

5. Characterise the hydrological event signature via FDC, Richards-Baker flashiness index, and reces-
sion slope.

6. Compare IBER-derived T, against six empirical formulas and analyse the influence of record dura-
tion on estimation reliability.

2 Theoretical Background

2.1 Time of Concentration: SCS Lag method

The SCS Lag method [40] defines T, from the hydraulic lag time:

Lag = Tp — T50 (1)
T, = 188 @)
0.6

The coefficient 0.6 is the empirical Lag-to-7 . ratio established by NRCS for rural catchments without
significant retention [40]. It is important to note that this coefficient was calibrated on small agricultural
watersheds in the eastern United States; its applicability to large Mediterranean or tropical basins should
be regarded as an approximation, and constitutes one of the explicit limitations of this proof-of-concept
(see Section 7).

2.2 Uncertainty quantification
2.2.1 Bootstrap BCa confidence intervals

The T, confidence interval is computed via bias-corrected and accelerated Bootstrap (BCa, [14]) with
R = 2000 resamples of the interpolated time series indices. The BCa method corrects for both bias and
skewness in the bootstrap distribution, providing more accurate coverage than the standard percentile
bootstrap. Convergence of the BCa interval with respect to R was verified by comparing results at R =
1000 and R = 2000; the relative difference in Cl width was 0.76 %, confirming convergence.

The bootstrap statistic is the Lag computed on the resampled series. When a resample produces a non-
finite or zero Lag (rare event due to extreme resampling), the nominal Lag is substituted as a conservative
fall-back; the fraction of such substitutions is logged and reported as a diagnostic.

222 GLUE

GLUE [3] samples N = 5000 realisations of the T, parameter space over [0.05, 24] h via uniform prior
distribution. For each T ;, the SCS unit hydrograph is convolved with the effective precipitation and the
KGE likelihood measure [22] is evaluated. Behavioural realisations are those with KGE > 0.50, a threshold
consistent with the lower bound of the “satisfactory” classification of [35].

Threshold sensitivity. To assess robustness, GLUE was also run with thresholds of 0.40 and 0.60.
The number of behavioural realisations changes substantially (from 24.1% at KGE > 0.60 to 40.8%
at KGE > 0.40), but the posterior median T, shifts by less than 1 h in either direction, confirming that



the central estimate is not highly sensitive to the threshold choice. This analysis is consistent with the
equifinality concept in hydrological modelling [3]: multiple parameter combinations produce acceptable
simulations, and the posterior distribution width—rather than a single point estimate—is the primary output
of interest.

2.3 Baseflow separation

Three recursive digital filters (Table 1) share the recession constant «, estimated automatically via log-
linear regression over recession segments [48]. The implementation follows ISO 748:2007 [25].

Table 1: Baseflow separation filters.

Filter Equation Parameters Reference
Eckhardt (2005) Quli) = (L=BFD)a@y(i-1) + {1-)BFL-QG)  pry Eckhardt [13]

1 —BFI-«
Chapman (1999) Qi) = 33“__; Qb(i—1)+;):—3 [Qi)+Q(i—1)] o Chapman [9]
Lyne—Hollick (1979) Qq(i) = a Qq4(i—1) + L+a [Q(i) — Q(i—1)] o Lyne & Hollick [32]

2.4 Effective precipitation: CN-NRCS method

Precipitation abstraction follows the NRCS Curve Number method [40, 39]:

P(t)—1,)°

] _ 1000
T Pt)—I,+S’

Q.(t) S = 25.4( - 10) . I, =\S, A=0.20 (3)

CN

It is noted that Hawkins et al. [24] documents an ongoing debate on the appropriate value of A, with
A = 0.05 producing better fits in many observed datasets. For this proof-of-concept, the NRCS default
A = 0.20 is retained. Effective precipitation at each time step is obtained by differentiation: P.(t) =

max(0, Qu(t) — Qu(t — At)).

2.5 Synthetic unit hydrographs

Four methods are implemented (Table 2): SCS/NRCS [40], Clark [8, 37], GIUH [42, 47], and Tikhonov
deconvolution [50].

The GIUH [42] models catchment response as a gamma density function whose parameters k and m are
derived from mean flow velocity v, main channel length L., and the Horton—Strahler bifurcation ratio R,
and length ratio R;:

k=0.44 t, (Rb/Rl)0'55; m = 3.29 (Rb/Rl)O'78(Lm/\/Z)O'O7 (4)

where t,, = L./v is the main-channel travel time and L,,, is the channel length in metres. The gamma
response is then convolved with effective precipitation to obtain the GIUH-based direct runoff hydro-
graph.



Table 2: Unit hydrograph methods.

Method Description Parameters Reference

SCS/NRCS  Triangular: T, = D/2 4 0.6T¢; T}, = T.,D, A NRCS [40]
2.67T,; g, = 0.2084/T,

Clark Elliptic time-area + linear reservoir; T.,R, A Clark [8]

storage coefficient R approximated as
R = T, when not independently cali-

brated [1]

GIUH Gamma response via Horton—Strahler L., A,v, Ry, R; Rodriguez-lturbe & Valdés [42]
ratios

Tikhonov Regularised deconvolution A=0.01 Tikhonov & Arsenin [50]

2.6 Validation metrics

Table 3: Performance metrics implemented, with classification thresholds from Moriasi et al. [35].

Metric Equation Range Very Good

KGE [22] 1-/r=12+(-1)2+(B-12 (-o0,1] >0.75

KGE" [28] 1—/(r=12+(y—-12+(B-1)2 (—o00,1] > 0.75
Z(Qo - Qs)2

NSE [38] 1-— m (_OO, 1] > 0.75

PBIAS (%) 100 - (%’QW (—o00,+00) |PBIAS| < 10

RMSE V1Y (Qo — Q)2 [0,00)  —

Peak Flow Bias (%) 100 - (Qp,s — Qp.0)/Qp,o (=00, 400) —

Peak Time Error (h) tps —tpo (=00, +00) 0

where r is the Pearson correlation coefficient; « = o4/0, the variability ratio; 5 = us/p. the bias ratio;
v = CV,/CV, the coefficient-of-variation ratio. Residual serial dependence is tested with the Durbin-
Watson (DW) test for first-order autocorrelation [12] and the Ljung-Box (LB) portmanteau test for higher-
order serial dependence [31]. Normality of the bootstrap distribution is verified with the Shapiro-Wilk
test [45].

2.7 Hydrological event signature

The event FDC [44] yields Q5, Q10, @50, @90, @95, the Richards-Baker flashiness index [2]:

—1
ey Qi1 — Qi
D1 Qu

and the log-linear recession slope Slope = (log,q Q10 — log;y Qg0)/(90 — 10).

R-B =

Scope note. The event FDC characterises the discharge distribution during a single design storm; it is
not equivalent to a long-term FDC and must not be used to infer catchment perenniality or mean annual
flow regime [44].

3 Framework Architecture

IBER_TcEstimator v1.0 is a single R script (= 2200 lines) organised in 15 functional sections. A CONFIG
list centralises all tunable parameters. The pipeline (Figure 1) proceeds from data ingestion through five



analytical modules to export.

Excel Input:
Hyetograph, Hydrograph, Metadata

[Module 1: Data Reading & Validation

{Module B: Baseflow Separation (3 filters)} [Module D: Unit Hydrographs (4 methods)}

{Module C: CN-NRCS Effective Precipitation} [Module A2: Bootstrap BCa (R = 2000)}

{Module A1: GLUE Monte Carlo (N = 5000)

Module E: Metrics, Diagnostics & Signature

Outputs: Excel, CSV, Text Report, 10 Figures /

Figure 1: Computational pipeline of IBER_TcEstimator v1.0. Rectangles: processing modules; trapezoids:
I/O. Five analytical modules (A—E) converge in the diagnostic stage.

Each execution automatically creates a time-stamped output folder (IBERv1_Results_YYYY-MM-DD_HH-MM-SS)
with five sub-directories:

« 01_Input_Data/ — exact copy of the input Excel file (traceability)

* 02_Numerical_Results/ — Excel workbook with 7 sheets: Summary, Interpretation, Hydro-
graphs, Baseflow_Filters, Flow_Duration_Curve, Hydrological_Signature, and GLUE_Samples; plus
supplementary CSVs

* 03_Text_Report/ — plain-text reproducible report with all metrics
* 04_Plots_PNG/ — 10 publication-quality figures at 300 dpi

+ 05_Execution_Log/ — console log + sessionInfo () for full reproducibility under WMO-168 §1.4
and Wilson et al. [52]

The script supports bilingual input (Spanish/English Excel sheets) and is designed to process hydro-
graphs generated by any IBER version, including outputs from the distributed hydrological module of
IBER v3 [5].



3.1 Software dependencies

The framework requires R > 4.2.0 and the following packages (minimum versions): zoo (>1.8), dplyr (>1.0),
hydroGOF (>0.5), boot (>1.3), Imtest (>0.9), ggplot2 (>3.4), patchwork (>1.1), scales (>1.2),
readxl (>1.4), writexl (>1.4).

3.2 Reproducibility guarantees

Seeds fixed (boot_seed = 42, glue_seed = 123); sessionInfo() logged at execution end; input file
preserved; full CONFIG (including lag_to_tc_coef = 0.6,n_boot = 2000, glue_N = 5000) saved as

config_used.csv [52].

4 Proof-of-Concept: Synthetic Case Study

4.1 Scope and design rationale

As stated in Section 1, this work is a proof-of-concept. The evaluation uses a synthetic watershed with
analytically defined characteristics and a design-storm hyetograph. This controlled setting is intentional: it
enables (a) verification of all computational modules under known input conditions, (b) a clean sensitivity
analysis between T, estimation methods free of data-quality confounders, and (c) a fully reproducible
benchmark that other researchers can use to test modifications or extensions.

The principal limitation of this approach is that the framework’s accuracy in extracting 7. from real-
watershed IBER outputs—which incorporate complex terrain, variable roughness, and realistic precipita-
tion fields—has not yet been demonstrated. Validation against gauged catchments is the primary objective
of the next development phase (see Section 8).

4.2 Watershed and storm characteristics

The synthetic watershed has the morphometric characteristics summarised in Table 4. The design hyeto-
graph (6 h, SCS type-II [39]) peaks at 25 mm /h. CN = 82 (HSG C, fair grass).

Table 4: Synthetic watershed characteristics.

Parameter Symbol Value Priority
Watershed area A 150.5 km? Essential
Storm duration D 6h Essential

CN (NRCS) CN 82 Recommended
Channel length L. 28.36 km Recommended
Channel slope S 0.0073m/m Recommended
Elevation difference AH 207m Recommended
Flow velocity (GIUH) v 1.0m/s Optional
Bifurcation ratio Ry 4.5 Optional
Length ratio R 2.0 Optional

4.3 Empirical 7, formula comparison

A key motivation for this work is the large spread among empirical 7. formulas. Table 5 computes
six methods for the synthetic watershed. All formulas are applied with the same morphometric inputs
(A, L., S, AH) to ensure comparability.



Table 5: Empirical 7., estimates for the synthetic watershed (4 = 150.5 km?, L. = 28.36 km, S = 0.0073,
AH = 207m). The IBER-derived value is included for reference.

Method T, (h) Reference
Kirpich (1940) 2.50 Kirpich [27]
Temez (1978) 7.96 Temez [49]
Bransby-Williams 5.03 Bransby-Williams [6]
SCS Lag (NRCS) 412 NRCS [40]
Ventura 6.31 Ventura [51]
Pasini 9.47 Pasini [41]

IBER-derived (this work) 17.85 —

Note: The IBER-derived T reflects the hydrograph physics of the full hydraulic simulation including storage and
attenuation effects, which empirical formulas cannot capture for a 150.5km? basin. The Kirpich formula was cali-
brated on small agricultural catchments (0.004-0.45 km?) and is expected to produce severe underestimates at this
scale [33, 16].

The inter-method spread spans from 2.50 h (Kirpich) to 9.47 h (Pasini)—a factor of 3.8—even before
comparing with the IBER-derived value. This illustrates the “T;. paradox” described by Grimaldi et al. [21]:
the “correct” T, is scale- and event-dependent, and no single empirical formula captures the hydraulic
reality simulated by a 2D finite-volume model.

5 Results

5.1 Time of Concentration estimation

The SCS Lag method yielded 7. = 17.85h with a 95% BCa Cl of [13.02, 22.59] h (Figure 2). The
bootstrap distribution (R = 2000) gave median Lag = 10.6145h, mean = 10.6139h, SD = 1.4043 h.
The BCa convergence test showed 0.76 % relative Cl width difference. Shapiro-Wilk: W = 0.997, p =
0.21 [45].

Hy graph and
Tc =17.85 h | alpha = 0.925

30

075

2

5]
(y/ww) uoneydioald

Discharge (m%/s)
a
2

Time (h)

- Baseflow = = Directrunoff === Total discharge

Figure 2: Hyetograph, hydrograph and baseflow separation. 159 = 3.29 h, T}, = 14 h, Lag = 10.71 h,
T. = 17.85 h. Blue bars: hyetograph (right axis); solid blue line: total IBER hydrograph (left axis); dashed
red: direct runoff; dotted green: baseflow (Eckhardt filter, « = 0.925). Vertical lines mark 75, (green) and
T, (red).
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GLUE produced a posterior median of 16.20h (95 % ClI: [12.71, 19.75] h) with 31.6 % behavioural realisa-
tions (Table 6, Figure 3).

The posterior median shifts by < 1 h across the tested thresholds, confirming robustness of the central
estimate. The convergence between the BCa point estimate (17.85 h) and the GLUE posterior median
(16.20 h) is noteworthy: both methods, starting from fundamentally different inferential assumptions, locate
T. inthe range [16.2, 17.9] h. The partial overlap of the 95 % intervals from both methods ([13.02, 22.59] h
and [12.71, 19.75] h) provides cross-method validation of the T, estimate within the proof-of-concept
setting.

Table 6: GLUE posterior sensitivity to behavioural threshold.

Threshold Behavioural (%) Median 7. (h) 2.5% (h) 97.5% (h)

KGE > 0.40 40.8 15.88 11.62 20.14
KGE > 0.50 31.6 16.20 12.71 19.75
KGE > 0.60 241 16.71 13.44 19.98

GLUE — Parameter Spac

e Tc vs KGE
N behavioural = 1580 | Tc median = 16.199 h

KGE

T (h)

Non-behavioural  +  Behavioural I

(a) GLUE parametric space. Red dashed line: KGE = 0.50 threshold; green dashed: posterior
median (16.20 h).

T Posterior Distribution (GLUE)
95% CI [12.712 — 19.754] h

T
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(b) Weighted posterior distribution. Solid red: median (16.20 h); dashed red: 95% ClI
[12.71,19.75] h.

Figure 3: GLUE results. (a) KGE vs. T, for 5000 Monte Carlo realisations. (b) Weighted histogram of
1580 behavioural realisations.
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5.2 Cumulative mass curve and the centroid 75,

The cumulative mass curve (Figure 4) illustrates T5g, the centroid anchoring the Lag computation (Eq. 1).
Precipitation rises steeply around t = 2—4 h (SCS type-Il peak), while direct runoff responds more gradu-
ally, reflecting the attenuating effect of the 150.5 km? catchment.

Cumulative Mass Curve

Cumlative percentage (%)

Figure 4: Cumulative mass curves. The horizontal dashed line marks 50 % accumulation; the horizontal
distance between the two curves at this line qualitatively illustrates the Lag.

5.3 Performance metrics and hydrograph fit

Table 7 summarises the main results.

Global fit (KGE, NSE). KGE = 0.667 and NSE = 0.808 indicate good-to-very-good shape reproduction
(Figure 5). According to the benchmark analysis of Knoben et al. [29], KGE > —0.41 exceeds the mean-

Table 7: Summary of results.

Parameter Value Unit
T, SCS Lag (point) 17.85 h
T. 95% BCa Cl [13.02,22.59] h
T. GLUE median 16.20 h
T. GLUE 95% CI [12.71,19.75] h
KGE 0.667 —
NSE 0.808 —
PBIAS 26.64 %
Peak Flow Bias (PBPF) —22.08 %
Peak Time Error 0.00 h
DW statistic [12] 0.00 —
LB statistic [31] 27553 —
R-B Flashiness index 0.0009 —
Baseflow separation (o = 0.925):

BFI Eckhardt 0.85 —
BFI Chapman 0.82 —
BFI Lyne-Hollick 0.83 —

Empirical T, reference values:

Kirpich / Temez / Bransby-Williams
SCS Lag / Ventura / Pasini

2.50/7.96/5.03 h
4.12/6.31/9.47 h

flow reference and values above 0.50 indicate meaningful model skill.
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Unit Hydrograph Comparison
KGE=0.667 NSE=0.808

Discharge (m%/s)

Time (h)

ClarkUH * + + + GIUH === Observed runoff = = SCSUH

Figure 5: Synthetic unit hydrograph comparison. The SCS UH (red dashed, KGE = 0.667, NSE = 0.808)
best reproduces the observed direct runoff (solid blue). The GIUH (purple dotted) diverges in recession;
Clark UH (orange) shows near-zero response under default R = T..

Peak time error. The zero peak time error (Table 7) indicates that the SCS unit hydrograph, parameterised
with the IBER-derived T, reproduces the exact timing of the simulated peak. This zero value is not a
computational artefact: it reflects that both the IBER hydrograph peak and the SCS reconstruction locate
the maximum discharge at the same discrete time step (¢t = 9h, i.e. the 18th step at At = 0.5h).
The coincidence is physically consistent with the SCS Lag definition, which was designed precisely to
reproduce T,.

Volumetric bias (PBIAS = 26.64 %). PBIAS = 26.64 % is classified as “unsatisfactory” by Moriasi et
al. [35] (threshold: |PBIAS| < 25%). This result warrants careful interpretation within the proof-of-concept
context. Three potential sources of volumetric discrepancy are identified:

1. Floodplain storage not drained within the simulation period. The IBER simulation captures
water temporarily stored in the floodplain during the rising limb; this volume may not drain completely
by the end of the simulation window, causing an apparent deficit in the total outflow hydrograph.

2. Residual infiltration in IBER. IBER may apply distributed Green-Ampt [20] or CN-based losses
over the floodplain that are not exactly equivalent to the lumped CN-NRCS abstraction used in the
R framework, producing a systematic volume mismatch.

3. SCS triangular approximation. The SCS unit hydrograph has a fixed shape that may inadequately
represent the long recession limb of a highly attenuated event, leading to under-voluming.

In a future real-catchment validation, PBIAS should be evaluated against observed discharge records. In
the present synthetic setting, the PBIAS result indicates that the SCS unit hydrograph underestimates total
runoff volume by approximately 27 %, which is a quantified limitation of this proof-of-concept configuration
that users must be aware of when extrapolating the 7. estimate to peak-discharge calculations.

Residual autocorrelation. The Durbin-Watson statistic DW ~ 0 (close to 0 indicates extreme positive
autocorrelation; the benchmark for no autocorrelation is DW ~ 2) and LB = 27553 (p < 0.001) confirm
strong serial dependence in model residuals. This is an inherent structural limitation of the triangular SCS
unit hydrograph applied to a highly attenuated event: the synthetic shape systematically over-predicts
early-recession discharge and under-predicts late-recession discharge, generating correlated residuals
across time.
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It is important to note that this autocorrelation does not invalidate the T, estimate itself, which is derived
from peak-timing (a single feature of the hydrograph). However, it does imply that the BCa confidence
intervals for T,.—computed via bootstrap resampling of the time series—may be narrower than appro-
priate, since bootstrap resampling assumes exchangeability of observations. The reported BCa interval
[13.02, 22.59] h should therefore be interpreted as a lower bound on uncertainty, and the GLUE posterior
interval [12.71, 19.75] h provides a complementary, model-ensemble-based perspective.

Scatter: Observed vs SCS UH Runoff

Simulated Q (m%/s)

0.00 0.05 0.10 015 0.20
Observed Q (m3/s)

Figure 6: Observed vs. simulated direct runoff scatter (SCS UH). Dashed red: 1:1 reference; solid green:
linear regression (slope = 0.98, R? = 0.89). Moderate dispersion at higher flows reflects the structural

limitation of the triangular SCS UH. The plot confirms overall magnitude reproduction with individual time-
step discrepancies.

5.4 Hydrological event signature

The event FDC (Figure 7) shows R-B = 0.0009 (highly attenuated) and a recession slope of 0.0179
decades per percentage point, consistent with low slope (S = 0.0073) and large area. This is physi-
cally consistent with the high T, and the large catchment area: the synthetic watershed is characterised
by low slope (S = 0.0073) and a long main channel (L. = 28.36 km), producing slow, broadly spread
hydrographs with dominant storage effects.
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Figure 7: Hydrological event signature. Upper panel: Flow Duration Curve on logarithmic scale. Red dia-
monds: Q1o and Qgo; green dashed line: log-linear regression (slope = 0.0179 decades per percentage
point), indicating very slow recession. Lower panel: FDC derivative (—AQ/AExc) with LOESS smooth-
ing [10] (orange) showing the rate of discharge change along the hydrograph.

5.5 Baseflow filter comparison

Figure 8 compares the three filters (o = 0.925). BFI values: Eckhardt = 0.85, Chapman = 0.82, Lyne-
Hollick = 0.83 (CV = 1.9 %). The near-identity confirms negligible filter-induced uncertainty for this event.

Comparison of Baseflow Separation Filters
(IS0 748 — sensitivity analysis)

5 5 k)
Time (h)

=+ Chapman (1999) = = Eckhardt(2005) « « « * Lyne-Hollick (1979) === Q total

Figure 8: Baseflow filter comparison. BFI range: 0.82-0.85, CV = 1.9 %.

5.6 Record duration analysis

The simulation record is 14 h (At = 0.005h). The ratio to T, is 14.0/17.85 = 0.78. Tallaksen [48] recom-
mends a minimum of 2.5 x T, (= 45 h) for reliable baseflow recession analysis; the current record meets
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only 31% of this recommendation. This implies that (i) recession segments may not capture long-term
behaviour, potentially biasing «; (ii) the BCa interval is conditional on a truncated hydrograph. Extended
simulations are recommended for operational applications.

6 Discussion

6.1 Physical interpretation of the IBER-derived 7.

The IBER-derived T, of 17.85 h is 2.1-7.1 times larger than the six empirical estimates (Table 5). This
discrepancy is not a model artefact; it is the expected result of applying a full 2D hydraulic model to a large
(150.5km?), low-slope (0.73 %) watershed under a 6 h design storm.

Empirical formulas were calibrated on small catchments (Kirpich: 0.004-0.45 km?; NRCS SCS Lag:
< 800 km? but typically < 25 km? in the calibration database). For large basins, channel storage and
overbank attenuation substantially delay the hydrograph peak relative to what kinematic-wave-based em-
pirical formulas predict [30]. The IBER simulation explicitly models this storage and attenuation through
its distributed hydrological and hydrodynamic modules [4, 5]; the SCS Lag method applied to the IBER
hydrograph captures the resulting effective T for this specific design event.

This result supports the central thesis of Grimaldi et al. [21]: T is not a static morphometric property but
an event-dependent quantity that depends on the interaction between precipitation intensity and catch-
ment storage. The proof-of-concept demonstrates—under controlled synthetic conditions—that the IBER-
R framework can quantify this event-specific 7. with formal uncertainty bounds.

6.2 Uncertainty convergence

The convergence of the BCa point estimate (17.85 h) and the GLUE posterior median (16.20 h) is a key
result. The two approaches are methodologically independent: BCa resamples the observed time series
to quantify sampling uncertainty in the Lag computation, while GLUE integrates over the model parameter
space to characterise predictive uncertainty. Their near-agreement (< 10 % relative difference in central
estimates) suggests that, within this proof-of-concept setting, the dominant source of T, uncertainty is the
hydrograph time series itself rather than the specific unit-hydrograph parameterisation.

The partial overlap of the 95 % intervals from both methods ([13.02, 22.59] h and [12.71, 19.75] h) pro-
vides cross-method validation of the T, estimate within the proof-of-concept setting, despite the presence
of strong residual autocorrelation (DW == 0) that may render the BCa intervals slightly conservative. This
convergence increases confidence in the methodological framework.

6.3 Baseflow separation sensitivity

All three filters (Eckhardt, Chapman, Lyne-Hollick) use the same automatically estimated «, derived from
the median of recession-segment regressions. The three BFI values obtained in the proof-of-concept differ
by less than 5 %, confirming that the choice of filter introduces negligible uncertainty in the 7. estimate for
this synthetic event. This result should not be generalised uncritically to real catchments, where baseflow
dynamics may differ substantially between filters.

6.4 Comparison with existing tools

To the authors’ knowledge, no publicly available R framework specifically targets 7. extraction from IBER
outputs with integrated uncertainty quantification. Existing hydrological R packages—hydroGOF, EcoHydRology,
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airGR—provide performance metrics and baseflow separation tools in isolation but do not implement the
full IBER-to-T. pipeline with GLUE and Bootstrap BCa integration. IBER_TcEstimator v1.0 therefore fills
a specific gap in the open-source hydrological toolchain for IBER users.

7 Limitations

1. Synthetic watershed only. The framework has not been tested on real gauged catchments with
observed discharge records. All numerical results (Section 5) are specific to the synthetic design-
event configuration and cannot be generalised to real-world applications without further validation.

2. SCS Lag coefficient. The relation Lag = 0.6, (Eq. 2) is valid for rural catchments within the
NRCS calibration range (typically < 25km?). For urban catchments, heavily engineered drainage
systems, or large basins as in this proof-of-concept, the coefficient may deviate from 0.6 and re-
quires site-specific calibration.

3. Volumetric bias. PBIAS = 26.64 % is classified as unsatisfactory by Moriasi et al. [35] (Section 5.3).
This limits direct use of the simulated hydrograph for peak-discharge design without bias correction.
Future work should investigate non-triangular UH shapes and dual- or multi-linear reservoir config-
urations to reduce the systematic volume deficit.

4. Residual autocorrelation. DW ~ 0 and LB =27 553 (p < 0.001) indicate strong serial dependence
in the residuals. This violates the independence assumption of the BCa bootstrap [14], potentially
producing confidence intervals that are narrower than their nominal coverage. A block-bootstrap
procedure (e.g., moving-blocks bootstrap with block length determined by the autocorrelation length)
is recommended for operational use.

5. GLUE prior range. The uniform prior 7. ~ U(0.05, 24) h is adequate for catchments with 7. up
to approximately 20 h. For catchments with longer concentration times or flashier responses, the
prior range should be adjusted accordingly; prior specification should be documented as part of the
uncertainty analysis.

6. Tikhonov regularisation parameter. The choice A = 0.01 is heuristic. Formal methods such
as the L-curve criterion [23] or generalised cross-validation (GCV) [18] should be implemented to
automate the selection of A and to quantify the sensitivity of the deconvolved UH to this parameter.

7. Single-event analysis. The current implementation processes one IBER event per execution.
Event-to-event T, variability cannot be characterised, and the dependence of T, on rainfall intensity,
antecedent moisture, and storm duration remains unexplored. Multi-event batch processing is the
primary operational enhancement required.

8. BFl,,,, assumption. The default BFl,,.x, = 0.80 (Section 2.3) assumes a perennial stream with
high baseflow contribution. This value should be calibrated from hydrogeological data (aquifer trans-
missivity, catchment geology) for real-world applications to avoid misclassification of quickflow as
baseflow.

8 Future Work

» Real-catchment validation. Test on gauged watersheds with calibrated IBER models.

« Multi-event analysis. Generate T, = f (i) curves across return periods.
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Global sensitivity analysis. Variance-based sensitivity methods (Sobol’ [46]; Morris [36]; Saltelli
et al. [43]) will identify and rank the input parameters (CN, L., S, v) that most contribute to 7,. and
@, uncertainty.

Block-bootstrap. Account for residual autocorrelation in BCa intervals.

Automatic calibration. Integration of metaheuristic optimisation algorithms [11] — genetic algo-
rithms [17] and particle swarm [26] — will enable automatic calibration of IBER parameters to min-
imise hydrograph discrepancies.

Shiny interface. Graphical interface for non-programmer practitioners.

GIS integration. GeoJSON/shapefile export for spatial analysis.
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