
manuscript submitted to EarthArXiv

Data-driven control reveals distributed flood
adaptation priorities across large river networks under

climate change

Jeil Oh1 and Matthew Bartos1

1Fariborz Maseeh Department of Civil, Architectural and Environmental Engineering, The University of
Texas at Austin, Austin, TX, USA

Key Points:

• Data-driven dynamics learning and optimal control infer reach-level flood atten-
uation requirements across large river networks

• The framework uncovers flood bottlenecks at tributary junctions that are invis-
ible to conventional prioritization yet hardest to protect

• Ensemble agreement separates reaches needing confident near-term investment from
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Abstract
Distributed flood adaptation requires knowing where in a river network attenuation ef-
fort should concentrate and how much each reach requires, but the spatial coupling, sce-
nario dependence, and high dimensionality of real drainage networks have kept these re-
quirements largely unresolved. We combine data-driven dynamics learning, reduced-order
modeling, and optimal control theory into a diagnostic framework that infers reach-level
attenuation targets directly from process-based hydrologic simulations without iterative
simulation and optimization. Proper Orthogonal Decomposition compresses the network-
wide discharge field into a low-rank basis, Dynamic Mode Decomposition with control
identifies a linear surrogate of precipitation-driven flood dynamics, and a Linear Quadratic
Regulator solves for the spatially distributed attenuation in closed form. Applied to a
large river basin under a multi-model, multi-scenario climate ensemble, the effort–residual
trade-off follows a common diminishing-return structure across emission pathways, but
higher-emission scenarios retain substantially greater residual flood volume at compa-
rable effort levels. The bulk of the allocation tracks mean-flow scaling, yet the frame-
work identifies priority reaches at tributary junctions that neither drainage area nor mean
discharge can flag; these reaches retain the highest residual-to-baseline exceedance ra-
tio after optimal control, revealing structurally stubborn bottlenecks where flooding is
hardest to attenuate. Inter-scenario separation in residual risk widens progressively down-
stream, and ensemble agreement on effectiveness degradation distinguishes reaches where
investments can proceed with confidence from those requiring flexible, adaptive strate-
gies.

Plain Language Summary

As climate change intensifies flooding, communities face a core planning problem:
deciding where to deploy flood defenses across river networks, and sizing them correctly.
Typically, planners prioritize the largest rivers or areas with past damage. But because
rivers are highly interconnected, a simple ranking ignores how water combining at junc-
tions affects the entire basin. Solving this problem across thousands of river branches
and multiple unpredictable climate futures has been computationally overwhelming. To
overcome this barrier, we developed a framework that compresses the complex behav-
ior of a river network into a compact mathematical problem that is solvable directly, by-
passing trial-and-error computer simulations and producing requirement maps showing
how much flood reduction is needed at every location across the basin. When we applied
this to a large river basin, we found that the network’s most stubborn flood bottlenecks
are hidden at specific tributary junctions—critical blind spots that size-based rules over-
look. By comparing how different climate models project future flooding, the framework
also produces an agreement map that shows planners where to confidently invest in per-
manent flood infrastructure today, and where to rely on flexible strategies that can be
updated as new data become available.

1 Introduction

Climate change is reshaping flood regimes worldwide, altering the magnitude, tim-
ing, and seasonality of extreme flows in regionally distinct ways (Blöschl et al., 2019; Tabari,
2020; Thober et al., 2018). In response, flood adaptation strategies are expanding be-
yond centralized defenses toward distributed, landscape-scale interventions such as de-
tention basins, floodplain reconnection, wetland restoration, and enhanced infiltration
(Dadson et al., 2017; Opperman et al., 2009) that attenuate flood peaks across the drainage
network rather than concentrating protection at a few downstream locations. Catchment-
scale evidence confirms that such measures can substantially reduce flood peaks when
deployed strategically (Black et al., 2021; Nicholson et al., 2020), and that combined port-
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folios of nature-based measures outperform individual interventions in isolation (Cheng
et al., 2017).

Yet the effectiveness of any distributed portfolio depends on how well it matches
the spatially varying attenuation demands imposed by basin hydrology: tributary tim-
ing, upstream–downstream coupling, and climate-driven shifts in flow generation collec-
tively determine where adaptation effort must concentrate and how much attenuation
each part of the network requires (Ayalew et al., 2015; Thomas et al., 2016). The prac-
tical objective is to reduce flood peaks across the network so that discharge remains be-
low damage-causing thresholds at every reach. This raises a fundamental planning ques-
tion that precedes all design and siting decisions: where in a river network should flood
adaptation effort concentrate, how much attenuation is needed at each location, and how
do these spatial patterns shift across climate futures? Without spatially resolved answers,
adaptation planning cannot distinguish reaches that require substantial intervention from
those where investment yields diminishing returns.

Answering these questions at the scale of real river basins confronts three interlock-
ing challenges. First, hydrologic complexity: process-based models couple rainfall–runoff
generation at each subcatchment with flow routing across the drainage network, so that
the flood response at any reach depends on precipitation forcing, antecedent soil con-
ditions, and the timing and magnitude of inflows from all upstream tributaries. The at-
tenuation required at a given location cannot be determined independently of what hap-
pens elsewhere in the network. Second, dimensionality: operational river networks rou-
tinely comprise tens of thousands of interconnected reaches (David et al., 2011; Mizukami
et al., 2016), each with distinct hydrologic characteristics, making exhaustive reach-by-
reach optimization computationally intractable even for a single climate scenario. Third,
scenario dependence: climate change reshuffles precipitation patterns and flood-generating
mechanisms in projection-dependent ways, and robust adaptation planning requires char-
acterizing reach-level requirements not under a single design condition but across ensem-
bles of GCMs and emission pathways, multiplying the computational burden by orders
of magnitude. Together, these challenges have left the spatial structure of reach-level adap-
tation requirements largely unresolved.

A prerequisite for spatially explicit flood adaptation is understanding how flood
hazards will evolve under climate change, and here substantial progress has been made.
Global and regional projections couple general circulation models with hydrologic and
hydrodynamic models to quantify changes in flood magnitude and frequency (Hirabayashi
et al., 2013; Alfieri et al., 2017), while high-resolution flood mapping delineates where
inundation risk concentrates at the landscape scale (Bates et al., 2010; Bentivoglio et al.,
2022). Scenario-neutral and bottom-up frameworks complement these projections by stress-
testing system performance across broad ranges of climatic perturbations, identifying thresh-
olds at which current infrastructure becomes inadequate (Broderick et al., 2019; Prud-
homme et al., 2010). Collectively, these tools equip planners with increasingly detailed
pictures of what may happen and where. What they do not provide is the complemen-
tary information that flood adaptation demands: where attenuation effort should con-
centrate and how much is needed at each location to bring flood risk within acceptable
bounds.

On the response side, two complementary bodies of work address aspects of this
problem but leave the reach-level question open. The first focuses on selecting cost-effective
adaptation strategies at regional to continental scales. Cost–benefit analyses have com-
pared portfolios of structural and nature-based measures under multiple warming lev-
els (Dottori et al., 2023; Alfieri et al., 2016), and global frameworks have quantified eco-
nomically optimal protection standards for urban river reaches (Ward et al., 2017). These
studies demonstrate that distributed strategies such as detention areas can be highly cost-
effective, but evaluate predefined flood mitigation measures at the scale of administra-
tive regions or coarse grid cells, not individual reaches within a basin.
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The second body of work applies control and optimization theory to water infras-
tructure, but in an operational capacity: stochastic and multi-objective optimization de-
rive reservoir operating policies (Giuliani et al., 2016, 2021), Model Predictive Control
and reinforcement learning enable adaptive real-time management (Bertoni et al., 2020;
Castelletti et al., 2023; Oh & Bartos, 2023), linear quadratic feedback has been applied
to real-time control of stormwater networks (Wong & Kerkez, 2018; Lin et al., 2024), and
data-driven surrogates accelerate the simulation–optimization coupling that these meth-
ods require (Razavi et al., 2012; Castelletti et al., 2012). Simulation–optimization has
also been used to select cost-effective layouts of detention basins, though tractability lim-
its these approaches to O(101)–O(102) subcatchments (Travis & Mays, 2008; Perez-Pedini
et al., 2005), leaving large river networks unaddressed.

More fundamentally, both bodies of work address the question of which measures
to deploy, but analyzing interventions individually cannot capture how attenuation de-
mands compound across the network—the peak-reduction requirement at any reach de-
pends on what every upstream tributary contributes, a system-level property that lo-
calized assessments cannot resolve. Diagnosing the basin as a unified dynamical system
provides a top-down view that reveals structural bottlenecks invisible to localized assess-
ments.

Recent work has highlighted connections between control theory and climate un-
certainty in the context of adaptation planning (Herman et al., 2020). We build on this
perspective, but rather than prescribing operations or investment timing, we use con-
trol theory diagnostically: to identify where in a river network flood discharge exceeds
acceptable levels, and how much attenuation each reach requires to bring flows back be-
low a prescribed flood threshold. Treated this way, the optimal control signal at each reach
becomes a quantitative measure of adaptation need, an equivalent attenuation target that
can later be translated into detention storage, infiltration capacity, or floodplain recon-
nection goals depending on local conditions. The challenge is making this diagnostic tractable
for networks of O(104) reaches under an ensemble of climate futures.

We meet this challenge by combining data-driven dimensionality reduction with
closed-form optimal control. Proper Orthogonal Decomposition (POD) extracts the dom-
inant spatial modes of streamflow variability across the full river network, compressing
O(104) reaches into a low-rank basis that captures the essential patterns of flood dynam-
ics. Dynamic Mode Decomposition with control (DMDc) (Proctor et al., 2016; Kutz et
al., 2016) then identifies a linear surrogate in this reduced space, describing how the sys-
tem state evolves under precipitation forcing. The surrogate is built directly from the
output of process-based hydrologic simulations rather than from simplified analytical rep-
resentations of the underlying hydrology. Because the surrogate operates in reduced co-
ordinates, a Linear Quadratic Regulator (LQR) (Anderson & Moore, 2007) can solve for
the control signal in closed form: for any prescribed balance between flood reduction and
total effort, the framework produces the spatially distributed attenuation that achieves
that balance. Sweeping the effort-penalty parameter traces the effort–residual trade-off
curve, and projecting each solution back to physical space through the POD basis yields
reach-level requirement maps—spatiotemporally resolved estimates of where attenua-
tion effort concentrates and how much is needed at each location under each climate sce-
nario.

This construction produces three outputs that constitute the main contributions
of the paper. First, reach-level requirement maps quantify how much attenuation each
reach requires to keep discharge below the flood threshold, and show that, while the bulk
of the allocation tracks mean-flow scaling, the framework identifies priority reaches that
neither flow magnitude nor drainage area flags. These LQR-unique reaches are the most
structurally stubborn bottlenecks in the network, retaining the highest residual-to-baseline
exceedance ratio—revealing that proxy rankings overlook precisely the reaches where flood-
ing is hardest to attenuate. Second, the trade-off curve connecting total effort to resid-
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ual risk operates at both basin and reach scales, making diminishing-return thresholds
explicit and providing a physical basis for staged capacity sizing under deep uncertainty.
Third, scenario-ensemble diagnostics separate climate-driven hazard amplification from
control-performance degradation, revealing where in the network effectiveness is most
sensitive to the emission pathway and where it remains stable across the ensemble. Over-
all, the framework identifies spatial priorities and quantifies reach-scale flood adaptation
requirements from multi-model hydrologic simulation output without iterative simulation–
optimization.

We demonstrate the framework on the Brazos River basin (Texas, USA) and ad-
dress three questions:

1. How does the basin-wide trade-off between attenuation effort and residual flood
risk vary across climate scenarios, and where do diminishing returns set in?

2. How does the framework distribute effort across the drainage network, where does
residual risk concentrate, and how do these spatial patterns relate to network struc-
ture and climate forcing?

3. How robust is the spatial pattern of control effectiveness to inter-model uncertainty,
and which reaches show consistent degradation across the ensemble?

2 Methodology

The framework proceeds in three stages (Figure 1): (i) reduced-order system iden-
tification, in which POD and DMDc yield a compact linear surrogate of basin dynam-
ics; (ii) optimal feedback design, in which LQR produces optimal reach-level control gains
for a range of effort-penalty weights; and (iii) threshold-triggered closed-loop simulation,
in which feedback activates only during flood exceedance so that control effort maps di-
rectly to attenuation need.
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Figure 1. Overview of the diagnostic framework. (1) Spatiotemporal streamflow and pre-
cipitation fields from process-based hydrologic simulations are assembled in moving windows.
(2) Proper Orthogonal Decomposition (POD) compresses the high-dimensional discharge field
into a low-rank basis. (3) Dynamic Mode Decomposition with control (DMDc) identifies a linear
surrogate capturing streamflow routing and rainfall–runoff dynamics in reduced coordinates. (4)
A Linear Quadratic Regulator (LQR) solves for the spatially distributed attenuation signal that
optimally balances flood reduction against total effort, producing reach-level adaptation require-
ments across the river network.

2.1 Study Area and Data

We demonstrate the framework on the Brazos River basin in Texas, USA (∼118,000 km 2),
a large, rainfall-dominated basin draining from the semi-arid Southern High Plains to
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the Gulf of Mexico. The basin encompasses 14,421 NHDPlusV2 flowlines with spatially
heterogeneous flood generation driven by diverse storm types, providing a challenging
test case for the framework.

Streamflow simulations are drawn from the CMIP6-based daily streamflow projec-
tion dataset developed at Oak Ridge National Laboratory (Kao et al., 2022; Ghimire et
al., 2023), which provides routed daily discharge at all NHDPlusV2 reaches across the
conterminous United States using the RAPID routing model (David et al., 2011) with-
out reservoir operations. We use two hydrologic models (VIC and PRMS), seven GCMs,
and four SSPs, yielding 56 ensemble members spanning 1980–2099 (Kao et al., 2024).

2.2 Problem Formulation

Let x(t) ∈ R n denote daily streamflow across n river reaches at time t, u(t) ∈
Rn a spatially distributed attenuation signal, and d(t) ∈ R n the precipitation input forc-
ing mapped to each reach. The uncontrolled basin dynamics can be written abstractly
as

x(t + 1) = F(x(t), d(t)) , (1)

where F represents the nonlinear hydrologic processes, including rainfall–runoff gener-
ation at each subcatchment and flow routing across the river network. The controlled
system augments Eq. (1) with

x(t + 1) = F(x(t), d(t)) + Bu(t), (2)

where B = In , reflecting the assumption that every reach is in principle controllable,
and ui (t) is the equivalent attenuation at reach i: the net flow reduction that any com-
bination of interventions (detention storage, infiltration enhancement, floodplain recon-
nection) must collectively achieve at that location. The framework thus produces a spa-
tially distributed requirement field, conceptually a water budget adjustment at each reach
or subcatchment, and leaves the translation of these targets into implementable designs
for subsequent engineering analysis.

2.3 Reduced-Order System Identification

2.3.1 State-Space Reduction via POD

We project the high-dimensional discharge field onto a low-dimensional subspace
using Proper Orthogonal Decomposition (POD) (Berkooz et al., 1993). Let X = [x(1), . . . , x(T )] ∈
Rn×T be the discharge snapshot matrix and x̄ its temporal mean. We retain the lead-
ing r left singular vectors of the mean-centered snapshots to form U r ∈ R n×r , so that
the reduced state is

z(t) = U >
r (x(t) − x̄) ∈ R r . (3)

We fix r = 30, which captures the dominant spatial modes of streamflow variability while
keeping subsequent computations tractable. For each ensemble member (GCM × hy-
drologic model × SSP), U r and x̄ are computed once from its full 2020–2099 discharge
matrix and held fixed across all subsequent DMDc windows and LQR designs within that
member, ensuring a consistent coordinate system for system identification, control, and
reconstruction.

2.3.2 DMDc System Identification

Within this fixed POD basis, we identify the basin’s response to precipitation dis-
turbance using Dynamic Mode Decomposition with control (DMDc) (Proctor et al., 2016;
Kutz et al., 2016). The disturbance is first centered and normalized: d̃(t) = (d(t) −
µ d)/σ d, where µ d is the reach-wise temporal mean and σd is the global standard devi-
ation across all reaches and time steps. A single global scale preserves relative spatial
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differences in precipitation magnitude across the basin. In reduced coordinates, the un-
controlled surrogate takes the form

z(t + 1) = Az(t) + E d̃(t), (4)

where A ∈ R r×r is the reduced transition matrix encoding flow routing dynamics across
the network, E ∈ R r×n maps precipitation forcing to reduced-state responses, implic-
itly capturing rainfall–runoff generation. We estimate G = [A, E] jointly via Tikhonov-
regularized regression:

G∗ = arg min
G

{
‖Z ′ − GΩ‖ 2

F + α ‖G‖ 2
F

}
, (5)

where Ω = [Z> , D̃> ]> concatenates state and disturbance snapshots (Proctor et al.,
2016). The regularization parameter α is selected via grid search as the smallest value
yielding spectral radius ρ(A) < 0.995, ensuring long-horizon stability.

To accommodate nonstationarity in climate-driven streamflow dynamics, we esti-
mate (A(w) , E(w) ) in overlapping temporal windows of 10 years, advanced by 5 years.
Each time step uses the dynamics from its containing window:

z(t + 1) = A(w(t)) z(t) + E(w(t)) d̃(t). (6)

Because the POD basis is fixed, only the system matrices A(w) and E(w) vary across win-
dows, capturing evolving climate-driven dynamics within a stationary coordinate frame.

2.3.3 Adding Control to the Identified System

With the precipitation-driven flood dynamics identified across the river network,
we augment the surrogate with the adaptation effort from Eq. (2). In physical space, B =
In ; to operate in reduced coordinates, we constrain the attenuation to lie in the column
space of the POD basis, u(t) = U r uz(t). Projecting the control term into reduced space
gives

U>
r B Ur uz(t) = U >

r In Ur uz(t) = I r uz(t), (7)
so the reduced input matrix is Br = Ir and the controlled reduced system becomes

z(t + 1) = A(w) z(t) + B r uz(t) + E(w) d̃(t). (8)

Equation (8) can be read as a reduced-order water budget: A(w) z propagates internal
basin dynamics (routing and storage release), E(w) d̃ introduces the precipitation-driven
inflow, and Br uz represents the flood adaptation effort, i.e. the spatially distributed at-
tenuation that interventions must provide. Separating the disturbance channel (learned
from data) from the control channel (imposed by design) allows the framework to quan-
tify how much adaptation each reach requires under a given climate scenario without pre-
scribing specific intervention technologies.

2.4 Optimal Control Design

We design feedback policies using the Linear Quadratic Regulator (LQR) (Anderson
& Moore, 2007). For a given window with dynamics A(w) and Br = Ir , we minimize
the quadratic cost

J =
T −1∑
t=0

[
z(t) > Q z(t) + uz(t) > R uz(t)

]
, (9)

where Q = Ir penalizes reduced-state magnitude and R = Rw Ir penalizes control ef-
fort. The scalar weight Rw governs the trade-off: small Rw prioritizes state regulation
(aggressive attenuation); large Rw limits control magnitude (conservative attenuation).
The optimal policy is uz(t) = −Kz(t) with

K =
(
R + B>

r PBr

) −1 B>
r PA, (10)
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where P solves the discrete algebraic Riccati equation (DARE),

P = Q + A> PA − A > PBr

(
R + B>

r PBr

) −1 B>
r PA. (11)

Since Br = Ir , these reduce to K = (R + P)−1 PA and the standard DARE. Gains
K(w) are computed separately for each window using the corresponding A(w) .

We sweep Rw over a logarithmic grid spanning 10−4 to 105 to trace the trade-off
curve between flood reduction and total attenuation effort. For cross-scenario compar-
ison at a fixed effort budget, we linearly interpolate reach-level metrics between the two
bracketing Rw values whose basin-total efforts straddle the target. This ensures that all
scenarios and ensemble members are evaluated at identical total effort, isolating the ef-
fect of climate forcing from differences in effort allocation.

2.5 Flood Threshold Definition

A reach-specific flood threshold τ ∈ R n determines when control activates. We
derive thresholds from pooled annual maximum series (AMS) over 1980–2019. For each
reach, annual maximum daily discharge is pooled across all four SSP-specific historical
segments. Because the bias correction applies SSP-dependent adjustments, these seg-
ments are not identical even during the shared historical period; pooling therefore in-
corporates downscaling uncertainty into the threshold estimate. The return level for re-
turn period T is the empirical (1 − 1/T ) quantile of the pooled AMS:

τ
(T )
i = F̂ −1

A i

(
1 − 1

T

)
. (12)

We use the T=2-year return level as the default threshold, approximating bankfull dis-
charge (Wolman & Miller, 1960; Wilkerson, 2008) and targeting the onset of overbank
flooding rather than rare extremes.

2.6 Threshold-Triggered Simulation

The LQR gain K(w) is derived from the standard (ungated) linear system but ap-
plied in a threshold-modulated manner so that feedback acts only on flood exceedance.
At each time step, we reconstruct discharge as x̂(t) = max(U r z(t) + x̄, 0) and define
the exceedance field

x+(t) = max(x̂(t) − τ , 0) . (13)
We project exceedance back to reduced space, z+(t) = U >

r x+(t), and compute flood-
only feedback

uz(t) = −K (w(t)) z+(t). (14)
When all reaches are below threshold, z+(t) = 0 and uz(t) = 0; during floods, effort
scales with exceedance magnitude. This gating mechanism ensures that control effort
is zero during normal flows and activates proportionally only when discharge exceeds the
flood threshold, producing attenuation signals that correspond to the effort required to
bring flows back toward τ .

The closed-loop surrogate evolves according to Eq. (8) with uz(t) given by Eq. (14),
initialized at z(0) = U>

r (x(0) − x̄). The implied physical-space attenuation is u(t) =
Ur uz(t).

2.7 Performance Metrics

We evaluate performance over 2020–2099 using metrics computed from surrogate-
reconstructed discharge trajectories. Baseline metrics are computed from open-loop sur-
rogate simulations (no control), and controlled metrics from closed-loop simulations un-
der Eq. (8), ensuring consistent comparisons within the surrogate framework. Table 1
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defines the core metrics: excess volume quantifies mean annual flood exposure above the
threshold, its fractional reduction measures control effectiveness, total effort quantifies
the mean annual attenuation capacity required at each reach, efficiency measures flood
reduction achieved per unit effort, peak discharge reduction captures the relative change
in maximum flow, and return-level residuals quantify how controlled return levels com-
pare with their uncontrolled counterparts for T ∈ {2, 5, 10, 20, 50, 100} years. Volumet-
ric quantities are summed across reaches for basin-scale totals; non-additive metrics are
summarized using medians and interquartile ranges.

Table 1. Core performance metrics. Baseline (bl) and controlled (cl) refer to open-loop and
closed-loop surrogate simulations. ∆t denotes the daily time step, N y is the number of evaluation
years, Qmax

i is the maximum daily discharge at reach i, and ε is a small constant that avoids
division by zero.

Metric Definition

Excess volume Vi = 1
N y

∑
t max(x i (t) − τ i , 0) ∆t

Excess-volume reduction φi = V
(bl)

i
−V

(cl)
i

V
(bl)

i
+ε

Total effort E i = 1
N y

∑
t |ui (t)| ∆t, u i (t) = [U r uz(t)] i

Efficiency ηi = V
(bl)

i
−V

(cl)
i

E i +ε

Peak discharge reduction δi = Q
max,(bl)
i

−Q
max,(cl)
i

Q
max,(bl)
i

+ε
, where Qmax

i = maxt x i (t)

Return-level residual RL(cl)
T,i : empirical (1 − 1/T ) quantile of annual maxima un-

der controlled conditions; reported as ratio RL(cl)
T,i /RL (bl)

T,i

2.8 Surrogate Validation

We validate the reduced-order surrogate by iterating it forward from initial con-
ditions over 2020–2099 without re-initialization and comparing simulated streamflows
with those from the original process-based model. Performance is measured at each reach
using Nash–Sutcliffe Efficiency (NSE), Kling–Gupta Efficiency (KGE), coefficient of de-
termination (R2), and absolute percent bias (|PBIAS|). To evaluate the benefit of time-
varying system identification, we compare the windowed surrogate (10-year windows, 5-
year overlap) against a single full-period fit.

3 Results

We first assess surrogate fidelity (Section 3.1), then examine the basin-wide effort–
residual trade-off (Section 3.2). The core of the analysis addresses the spatial structure
of the framework’s outputs in three stages: how the controller distributes effort across
the network (Section 3.3), where residual risk concentrates after optimal attenuation and
how it amplifies across climate scenarios (Section 3.4), and which reaches the ensemble
consistently identifies as climate-vulnerable (Section 3.5).

3.1 Surrogate Fidelity

The windowed DMDc surrogate faithfully reproduces flood dynamics across the river
network, with the strongest performance along the main stem and major tributaries that
dominate basin-wide flood generation (Figure 2a). Weaker performance is confined to
low-order headwater reaches in the western basin where intermittent flow regimes are
difficult to approximate linearly; these reaches contribute minimally to basin-integrated
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