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ARTICLE INFO ABSTRACT

Handling Editor: Daniel P Ames This research aims to leverage the power of quantum computing for hydrological simulation. A new “Hydro-
Quantum” Python package is created to facilitate this implementation, enabling researchers to explore the po-
tential of quantum algorithms in hydrological simulations. “HydroQuantum” was implemented for daily
streamflow and stream water temperature (SWT) simulations across continental US. The package includes
Variational Quantum Circuits (VQC), a fully quantum Long Short-Term Memory network (QLSTM), and a hybrid
quantum-classical LSTM. All algorithms were benchmarked against classical LSTM and trained and tested during
2000-2014 and 2015-2022 for daily streamflow and SWT simulations, respectively. While QLSTM showed
impressive results in capturing temporal dependencies in streamflow data, it consistently underperformed
classical LSTM for SWT simulation. Sensitivity analysis further revealed that precipitation and snow-water
equivalent were two major contributors to quantum-driven simulation. This research explores the potential of

Keywords:

HydroQuantum

Quantum LSTM

Hybrid quantum-classical LSTM
vQC

Sensitivity analysis
Hydrological simulation

quantum computing in complex time series simulations, leading to breakthroughs in hydrological modeling.

1. Introduction

Understanding the variability of streamflow and stream water tem-
perature (SWT) is essential for effective water resource management,
especially in areas with high water demand, drought and flood-prone
regions, and those areas experiencing impacts of climate change (e.g.,
Hamlet et al., 2002; Samadi et al., 2025). Both streamflow and SWT are
vital hydrological variables for the sustainable management of fresh-
water systems that can serve as key indicators for water quantity and
quality conditions. Accurate assessment of both variables is therefore
vital for efficient water allocation, improving resilience to extreme hy-
drological events (Okewu et al., 2017; Zafarmomen and Samadi, 2025),
and maintaining ecologically healthy aquatic habitats (He et al., 2024).

Deterministic and physics-based hydrological models have long been
used to simulate streamflow and SWT (Vliet et al., 2012; Zafarmomen
et al.,, 2024). To name a few examples, models such as Hydrologiska
Byrans Vattenavdelning (HBV; Bergstrom, 1976), TOPMODEL (Beven
and Kirkby, 1979), and WRF-Hydro (Gochis et al., 2015) are commonly
applied for streamflow simulation, while SNTemp (Bartholow, 1989)

and SHADE-HSPE (Chen et al., 1998) are among the tools used for SWT
modeling. In addition, Soil and Water Assessment Tool (SWAT; Arnold
et al., 1998) and Hydrological Simulation Program - FORTRAN (HSPF;
Bicknell et al., 1997) are two well-known physical based models used to
simulate both streamflow and SWT. These models rely on complex
mathematical formulations and extensive physical parameters to simu-
late hydrological processes (Fathian et al., 2019; Lei et al., 2024).
Additionally, classical statistical approaches such as Autoregressive
Moving Average (ARMA; Mohammadi et al., 2006; Bosompemaa et al.,
2025), Autoregressive Integrated Moving Average (ARIMA; Wen et al.,
2019), and linear regression (LR; Ulaski et al., 2023) have been
employed as more computationally efficient alternatives for streamflow
and SWT simulations. However, like physics-based models, they often
fall short in capturing the nonlinear, nonstationary, and complex in-
teractions inherent in hydrological processes (Wang et al., 2021).

In contrast, machine learning methods, including Support Vector
Regression (SVR; Yu et al., 2018; Hani et al., 2023), Artificial Neural
Networks (ANN; Tan et al.,, 2018; Graf and Aghelpour, 2021), and
Random Forest (RF; Oppel and Schumann, 2020; Neupane and Sawada,
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2023), offer greater flexibility for modeling nonlinear and nonstationary
patterns in streamflow and SWT data. Recently, more complex machine
learning models have also been implemented in this domain (Kratzert
et al., 2018; Saberian et al., 2024; Umutoni et al., 2025), further
advancing predictive capabilities of streamflow and SWT simulations.
Among these, Long Short-Term Memory (LSTM; Hochreiter and
Schmidhuber, 1997), a variant of Recurrent Neural Network (RNN), has
shown strong performance in capturing long-term temporal de-
pendencies in data (Gers et al., 2000). Coupling LSTM with other
data-driven algorithms (hybrid configurations) such as LSTM-SVR
(Dehghani et al.,, 2023), Convolutional Neural Network-LSTM
(Ghimire et al., 2021; Windheuser et al., 2023), and LSTM-Deep Neu-
ral Network (LSTM-DNN; Lin et al., 2023) have further improved pre-
dictive performance of streamflow and SWT. For example, Rahmani
et al. (2021) applied LSTM for daily SWT simulation across >400
data-sparse and unmonitored basins in the contiguous U.S. (CONUS),
achieving robust results. Building on these findings, Sadler et al. (2022)
applied a multitask LSTM to predict both streamflow and SWT simul-
taneously, where multitask learning either enhanced accuracy or per-
formed on par with single-task models. Despite these advancements,
LSTMs are susceptible to the vanishing-gradient problem, where gradi-
ents can potentially destabilize the training process (Tabas and Samadi,
2022; Xu et al., 2024; Zhou et al., 2024).

The emergence of quantum computing offers transformative poten-
tial to overcome the limitations of classical DNN such as LSTMs.
Quantum computing, which leverages superposition and entanglement,
enables parallel processing and efficient handling of high-dimensional
data (e.g., Wang, 2012). Superposition enables quantum bits (qubits)
to exist in multiple states simultaneously, while entanglement links
qubits so that their states remain correlated regardless of distance
(Forcer et al., 2002; Simoes et al., 2023). These features enhance the
representational power and computational efficiency of predictive
models (Khan et al., 2024; Dutta et al., 2024). Quantum neural network,
which integrates quantum principles with classical machine learning,
has shown significant promise in time series simulations (Innan et al.,
2024; Sakhuja et al, 2025). They excel in addressing complex
data-driven challenges, making these techniques powerful tools for
various simulation tasks (Biamonte et al., 2017).

The goal of this study is to develop a new quantum computing Py-
thon package called “HydroQuantum” for daily streamflow and SWT
simulations. The package includes Quantum LSTM (QLSTM), a hybrid
quantum-classical LSTM, and Variational Quantum Circuit (VQC). These
approaches were implemented for streamflow and SWT simulation
across CONUS. Quantum LSTM (QLSTM) extends classical LSTM by
incorporating VQCs within its architecture, replacing traditional neural
network components in the LSTM cells (Chen et al., 2022). This
enhancement enables faster convergence and improves the simulation of
temporal dependencies inherent in time series data (Sai et al., 2024).

Alongside QLSTM, we also implemented a hybrid quantum-classical
LSTM and VQC that leveraged both classical and quantum computing
components for processing sequential data. Unlike QLSTM, which fully
replaces traditional neural network layers with quantum circuits, hybrid
quantum-classical LSTM introduces a quantum layer alongside classical
LSTM layers, creating a synergistic architecture designed to extract
richer temporal features in time series data. VQC, on other hand, em-
ploys parameterized quantum circuits for time series simulation which
are then optimized using classical optimization algorithms. This process
represents a fundamental step in quantum machine learning where
classical data is transformed into a quantum state, manipulated by
quantum circuits, and then measured to assess the results. The classical
optimizer then refines the parameters of the quantum circuits to mini-
mize a loss function and effectively train the algorithm.

Despite the promise of quantum neural networks, its application in
hydrological simulation remains largely unexplored. This study is the
first known attempt by the authors to bridge this gap by implementing
multiple quantum-driven algorithms in simulating hydrological
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variables such as daily streamflow and SWT. The objectives of this
research are to: (i) investigate the efficacy of QLSTM, VQC, and hybrid
quantum-classical LSTM in addressing nonlinear and nonstationary re-
lationships in daily streamflow and SWT simulations; (ii) compare the
performance of QLSTM, VQC, and hybrid quantum-classical LSTM with
classical LSTM in terms of simulation accuracy and performance; (iii)
conduct a region-specific sensitivity analysis that identifies the impor-
tance of key meteorological predictors, highlighting the influence of
each climatic variable on quantum-driven modeling performance; and
(iv) examine the model’s capacity for spatial generalization by testing its
ability to simulate streamflow at unseen locations within the same hy-
drological region; and (v) integrating all these proposed quantum-driven
algorithms in a new Python package—called HydroQuantum. By
advancing the use of quantum computing within the domain of
streamflow and SWT simulation, this work aims to lay the foundation for
more accurate, efficient, and scalable quantum-driven algorithms for
hydrological applications.

The remainder of this paper is organized as follows: Section 2 de-
scribes the study area and dataset and introduces the fundamentals of
quantum computing and the workflow of proposed models. Section 3
presents the results and discussion, including performance evaluation,
sensitivity analysis, and model generalization for different hydrological
regions across CONUS. Finally, Section 5 concludes the results and
provides recommendations for future research.

2. Methodology
2.1. Study area and data

This study used publicly available Catchment Attributes and Mete-
orology for Large-sample Studies (CAMELS) for daily streamflow data
which was curated by the National Center for Atmospheric Research
(NCAR; Newman et al., 2015). CAMELS consists of 18 large basins
(Hydrologic Unit Code 2; HUC2) or zones containing a total of 671
catchments (HUC8) ranging in size from 4 to 25,000 km? (Fig. 1). These
catchments were selected based on their minimal human intervention
and long-term data records (1980-2014) gathered from the United
States Geological Survey (USGS) Gauge II stations and the National
Water Information System (NWIS). In addition, CAMELS includes daily
meteorological forcing data from Daymet (Thornton et al., 2016), and
the North American Land Data Assimilation System (NLDAS; Xia et al.,
2014). Daymet provides long-term, continuous, gridded estimates of
daily weather and climatology variables. The Maurer dataset is a
model-derived dataset of land surface states and fluxes, and NLDAS is a
quality-controlled, spatially and temporally consistent, land-surface
model (LSM) dataset. CAMELS also includes several catchment phys-
ical attributes related to soil, climate, vegetation, topography, and ge-
ology (Addor et al., 2017). These catchment attributes were derived
from maps, remote sensing products, and climate data that are generally
available across CONUS.

For this study, we used 394 of the 671 CAMELS catchments (those
with an area of <2000 km?) categorized as the USGS Gauge-II stations;
these 394 catchments were among those used for model benchmarking
by Newman et al. (2017). Fig. 1 shows the CAMELS basins within the
HUC2 zones and the USGS gauging stations used in this study. This study
also employed the meteorological forcing data as time-dependent pa-
rameters. Time-dependent parameters include variables that change
over time, such as: (i) daily precipitation (prcp [mm/day]), (ii) mini-
mum daily air temperature (tmin [°C]), (iii) maximum daily air tem-
perature (tmax [°C]), (iv) mean short-wave radiation (srad [W/m2]), W)
vapor pressure (vp [Pa]), and (vi) snow water equivalent (swe [mm]).

2.1.1. SWT data

SWT data were collected from the USGS WaterWatch (2025) gauge II
stations. We created SWT datasets for 27 gauging stations across CONUS
(see Fig. 1). Meteorological forcing data were derived from the NLDAS
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Fig. 1. Distribution of 18 CAMELS HUC2 (or zones) across CONUS. The USGS streamflow (red dots) and SWT (blue dots) for gauge II stations correspond to major
HUC2 basins. These stations were selected based on data continuity and regional representativeness within each zone. (For interpretation of the references to colour

in this figure legend, the reader is referred to the Web version of this article.)

dataset to simulate SWT. We utilized daily NLDAS outputs correspond-
ing to 27 stations. This subset covered the temporal period from October
1, 2015 to September 30, 2022 and provided the necessary climatic
variables for subsequent SWT modeling.

The NLDAS variables serve as the predictor features for simulating
the next day SWT. These features include: (i) daily total precipitation
(mm/day), (ii) daily mean air temperature (Kelvin), (iii) daily mean
specific humidity (kg/kg), (iv) daily mean zonal wind speed (m/s), (v)
daily mean meridional wind speed (m/s), (vi) daily mean surface
downwelling shortwave radiation (W/mz), (vii) daily mean surface
downwelling longwave radiation (W/m?), and (viii) daily mean poten-
tial evapotranspiration (mm/day). These parameters, representing the
atmospheric conditions on a given day (t), were used as input to predict
the water temperature (°C) on the subsequent day (t+1).

2.1.2. Data preprocessing

Prior to model implementation, we applied a quality control
approach to exclude catchments with excessive data gaps. Specifically,
catchments with more than 30 consecutive days of missing data were
excluded. This threshold was selected because the model uses a lookback
window of 30 days, and longer missing sequences would disrupt the
temporal input continuity required for training. The analysis focused on
the period from October 1, 2000, to September 30, 2014. After applying
these criteria, a total of 394 catchments with sufficient data continuity
were selected for daily streamflow simulation. To address shorter data
gaps (fewer than 30 consecutive days), a linear interpolation was
applied to ensure continuity in the input sequences. The resulting
dataset was divided into training and validation sets covering the first
ten years (October 1, 2000, to October 1, 2010), and a testing set

spanning the subsequent four years (October 2, 2010, to September 30,
2014), to evaluate modeling performance.

For the SWT simulation, we began with data from 41 stations
covering the period 2013-2025, which contained significant missing
values. To maximize the number of stations suitable for modeling, we
selected a specific multi-year period that minimized continuous missing
data stretches. Specifically, we aimed to identify a period when the
maximum number of stations had fewer than 30 consecutive days of
missing data. The 30-day threshold was chosen based on the lookback
window used in our analysis. This window length was selected because
previous studies (Sun et al., 2021) demonstrated the adequacy of this
method for next-day prediction tasks. This approach resulted in 27
stations with continuous data of 7 years from October 1, 2015, to
September 30, 2022. Any remaining missing values within the data for
these 27 stations during this seven-year period were then filled using
simple linear regression. Subsequently, the dataset was divided into a
training and validation set covering five years (October 1, 2015, to
October 1, 2020), and a testing set covering two years of the data
(October 2, 2020, to September 30, 2022).

2.2. Quantum computing approaches

2.2.1. Quantum bit

In classical computing, the smallest unit of information is a bit,
which can exist in one of two states: 0 or 1. In contrast, the smallest unit
of information in quantum computing is called a qubit (quantum bit). A
qubit (Nielsen and Chuang, 2010) can exist not only in the states anal-
ogous to classical 0 and 1, but also in a superposition of these states. The
two bits are represented as vectors |0) and |1), and are called the basis
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states. Mathematically, a general qubit is represented as a linear com-
bination of the basis states:

[w)=al0) + b|1) (Equation 1)
where, a and b are complex numbers called probability amplitudes. The
state of a qubit is normalized, meaning the sum of the squares of the
amplitudes must equal 1, i.e., |a|* + |b|> = 1. When a qubit is measured,
it collapses to one of the basis states. The probability of measuring a
qubit as |0) is given by |a|* (the squared magnitude of a), and the
probability of measuring it as |1) is given by |b|* (the squared magnitude
of b). A qubit can be visualized using a representation called the Bloch
sphere (Nielsen and Chuang, 2010) where the amplitudes a and b
determine a point on the surface of a unit sphere.

2.2.2. Bloch sphere
Since a and b are complex numbers, they can be represented in polar
form as

ly) = |ale”|0) + [ble?|1) (Equation 2)

lw) =e"(|a]|0) + ble?|1)) (Equation 3)

Let ¢ = 6 — y represent the relative phase between |0) and |1). Since

la)* + |[b]> =1, we can define an angle w such that: |a| = cos <g) and |b| =

sin (g)

The factor e” is a global phase. It doesn’t affect the probabilities of
measuring |0) and |1) and is considered physically irrelevant for a single
qubit (Nielsen and Chuang, 2010).

This means, a qubit can be represented using @, which determines
the probabilities of measuring |0) and |1) and ¢ which represents the
relative phase. A Bloch sphere is a unit sphere in complex space where »
and ¢ are the spherical coordinates of the point representing the qubit’s
state on the sphere’s surface. These angles are directly related to the
angles used in rotation gates in quantum circuits. Fig. 2 shows a qubit
represented as a point on the Bloch sphere.

<\V

Fig. 2. A qubit represented as a point on the Bloch sphere, where o is the angle
from positive z-axis and parameter ¢, an angle from positive x-axis. |0) rep-
resents a point on the north pole (positive z-axis) and |1) represents a point on
the south pole (negative z-axis).
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2.2.3. Entanglement

Entanglement is a fundamental phenomenon in quantum mechanics
(Nielsen and Chuang, 2010) where two or more qubits become linked
together in such a way that their states are intertwined, regardless of the
distance separating them. A 2-qubit system is said to be entangled if it
cannot be written as a tensor product of two individual qubit states. A
common example of an entangled state is a|00) + b|11). In this example,
when a qubit is measured to be |0), we instantly know that another qubit
is also |0), and similarly for |1). This strong correlation between mea-
surements is a property of entanglement. Entanglement is a uniquely
quantum mechanical phenomenon with no classical analog. The
entanglement of a large number of qubits is infeasible to simulate on a
classical computer; this makes quantum computing uniquely powerful.
Entanglement is a vital ingredient in many quantum algorithms.

2.2.4. Quantum gates

Quantum gates are the fundamental building blocks of quantum
circuits, analogous to logic gates in classical computing. They are uni-
tary operations that act on one or more qubits, manipulating their
quantum states. By combining different quantum gates in a specific way,
quantum circuits are created which perform complex quantum algo-
rithms. The commonly used quantum gates in the quantum circuits are
rotation gates and Controlled-NOT (CNOT) gates. Rotation gates
(Nielsen and Chuang, 2010) are a special class of single qubit gates that
perform rotations of a qubit’s state around a specific axis on the Bloch
sphere. They are parameterized by angle 6. A general rotation gate R, (6)
rotates the qubit’s state around an arbitrary axis v = (vx,vy,7;) on the
Bloch’s sphere by an angle 6. For example, R, (6) rotates qubit’s state
around x-axis on the Bloch’s sphere. The Hadamard gate is a special
rotation gate that creates an equal superposition of the |0) and |1) states
when applied to a computational basis state. It’s usually used to generate
superposition in quantum circuits.

The CNOT gate (Nielsen and Chuang, 2010) is a fundamental 2-qubit
gate that is used to create entanglement between qubits. It operates on a
controlled qubit and a target qubit. If the control qubit is in the state |0),
the target qubit remains unchanged, but if the control qubit is in the
state |1), the target qubit’s state is flipped. When the control qubit is in a
superposition state, the CNOT gate creates an entanglement between the
control qubit and target qubit.

2.3. Model architectures

In this paper, we performed simulations using a classical LSTM
model, a VQC, and two different types of quantum-classical hybrid
models: one with a classical LSTM followed by a VQC, and another with
a QLSTM, where the LSTM part of the model is created using VQCs.

2.3.1. Classical LSTM

A single-layer classical LSTM model with 128 hidden units was
created for the comparison. LSTM is a type of RNN model. RNNs
constitute a model family that processes data sequentially while pre-
serving a hidden state. This hidden state is modified for every input in
the sequence. During training, it learns to update the hidden state
optimally, so that it can predict the next value in the sequence. LSTM is
an RNN featuring complex memory cells and gate units for representing
and updating memory. Each cell within an LSTM has three gates: a forget
gate, an input gate and an output gate. At each time step t, the cell gets
the current data point X; along with the hidden state vector from the
preceding time step h,; and the cell state vector from the preceding
time step C;_;. The forget gate determines which information to remove
from the cell state. It accepts h,_; and X} ; as inputs and processes them
through a sigmoid function to generate values between 0 and 1
(Hochreiter, 1997). A value of 1 signifies complete retention, while
0 indicates complete forgetting. Mathematically,

Jo=0forgee (Ws - [he_1, X5, ] +by) (Equation 4)
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Here W; and by represent the weight matrix and bias vector associ-
ated with the forget gate. The input gate determines which values will be
updated. The candidate node (tanh) generates a vector of new candidate
values that could be added to the state. The input gate employs a second
sigmoid function to determine which state values to update, and a tanh
function to generate a candidate vector of new values.

ic = Ginpue (Wi - [he_1, X5 ;] + by) (Equation 5)

C, = tanh(W, - [h,_1, X%, ] +b) (Equation 6)

Here, W; and b; are the weight matrix and bias vector for the input

gate. 5[ is the candidate cell state vector, W, and b, are the weight matrix
and bias vector associated with it. The cell state is updated by forgetting
the old information (by multiplying the old cell state C,_; by the forget
gate’s output) and adding the new candidate values.

Ci=f;Ce1+irC, (Equation 7)

The output gate determines which part of the cell states to output. It
employs a sigmoid function to decide which parts of the cell state C, to
output, then processes the cell state through a tanh function and mul-
tiplies it with the output of the sigmoid function to generate the output
hidden state h;.

0 =6Goupue (Wo - [e-1, X5, ] +bo) (Equation 8)

h; = o,-tanh(C;) (Equation 9)

The LSTM layer of the model is followed by a fully connected layer
that transforms its output into the final output. Mean Squared Error
(MSE) is used to calculate the loss, and Adam optimization (Kingma,
2014) approach is used as an optimizer to update the weights. Fig. 3
shows the schematic diagram of a classical LSTM model with an LSTM
cell expanded to show gates.

2.3.2. Variational Quantum Circuit

VQCs are quantum algorithms that are used to build quantum ma-
chine learning models (Chen et al., 2020). Both the hybrid
quantum-classical LSTM and QLSTM are built using VQCs. VQC mainly
consists of three parts. The first part is used to transform the input
classical information into quantum information. This is done by
encoding the input information as rotation angles in rotation gates like
the Rotation-Y (RY) gate, which rotates a fixed qubit |0) around the
Y-axis based on the input. The second part is a quantum circuit
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composed of rotation gates and CNOT gates. The rotation gates have free
parameters 6 = (61,02, ...) as the rotation angles. These parameters can
be tuned using classical algorithms like gradient descent to optimize a
cost function. The CNOT gates are used to entangle the qubits. The final
part is the measurement unit, which is used to turn back quantum in-
formation to classical information by evaluating the expectation value.
Fig. 4 shows a 4 qubit VQC along with classical input and output MLP
layers. It uses RY rotation to transform input classical information into
quantum information. The parameterized circuit consists of a rotation
gate on each wire, with CNOT gates connecting pairs of wires, resulting
in entanglement between qubits. Finally, the Pauli-Z operator is used for
measuring expectation value.

2.3.3. Hybrid quantum-classical LSTM

The hybrid quantum-classical LSTM consists of a classical LSTM
layer, an intermediate fully connected layer, a VQC, and a final fully
connected layer. The sequence data is fed as input to the classical LSTM
layer, the output of which is passed to a fully connected layer to map to a
representation with a shape equal to the number of qubits in the VQC.
Within the VQC, rotation gates are used to encode classical data into
quantum information. The VQC contains three parameterized rotation
gates in sequence, as shown in Fig. 4, to process the quantum informa-
tion. The output of the VQC is the expectation value measured with the
Pauli-Z operator. This output is then fed into a final fully connected
layer, which outputs the next value in the sequence. We used MSE as the
loss function and the Adam optimizer to update the weights.

2.3.4. QLSTM

The principle behind QLSTM (Chen et al., 2022) is the same as the
classical LSTM. It contains a similar sequence of operations and analo-
gous gates, where the core computations for determining gate values are
replaced by quantum operations. Specifically, the matrices serving as
parameters in a classical LSTM are replaced by parameterized quantum
circuits (VQCs) with rotation angles as their tunable parameters.
Equations (10)-(15) represent the QLSTM cell’s computations, showing
how VQCs generate gate activations that, through LSTM-like update
rules using classical activation functions (o,tanh) and arithmetic,
modify the cell state (C;) and hidden state (h;) based on previous states.

St =6forget (VQC1 ([he-1,X5,])) (Equation 10)

ir = Oinpur (VQCz ( [hH , X;i] )) (Equation 11)

}Ll ’LQ
) ) (i
C C Ci / 7~ C
0 —> > =3 5 (x > >
A T
> - y (tanh
~ o T = -
LSTM cell LSTM cell - LSTM cell at
at at
@ . = t=1
t=1 t=2
[aforget] [Uinput} [ tanh J
N N A
o hy 9 ho Ry ;@—} X >» hy
X1, X2, Xt

Fig. 3. Schematic diagram of a classical LSTM model. C; represents the cell state at time step t, h; represents the hidden state at time step t, X represents the input to

LSTM model at time step t and ¢ represents gates in a LSTM cell.
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rotation angles. The rotation angles are passed to the parameterized quantum circuit. R represents rotation gates and 0 refers to the trainable parameters in VQC. It

depicts a single-layer VQC with four qubits.

C,=tan h(VQCs([he-1,X,])) (Equation 12)

Ci=fCi1+ it-C~‘t (Equation 13)

0t = Goupue (VQC4 ([he-1, X1 ])) (Equation 14)

h; =o,tan h(C;) (Equation 15)

We used 4 qubit VQCs to build the QLSTM. The given feature vector
was first mapped to a latent space with dimensions equal to the number
of qubits using a fully connected layer. Then, this output was used as

input to the QLSTM model. The output of the QLSTM was again mapped
to the required shape (in our case next value in the sequence) using
another fully connected layer. MSE was used as the loss function, and the
Adam optimizer was used to optimize training parameters. Fig. 5 shows
the workflow of QLSTM.

2.4. Evaluation metrics

In this study, we adopted three distinct metrics, Nash-Sutcliffe Effi-
ciency (NSE), Kling-Gupta Efficiency (KGE), and Mean Absolute Error
(MAE), to comprehensively evaluate model performance. Rather than

h h
T 1 T 2 A Bt
0 —>» Cl; —?)C i X >(+) >
tanh
. . []
QLSqu:/I cell QLSZiVl cell . QLSTM cell at
t =31 t=2 - O forget EQ tanh e
Y
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VQCl VQCz VQC3 A
A A A
" hl, h2! hi1 »VQC, > hy
XII:L X12:L XLL

Fig. 5. Schematic diagram of QLSTM. C, represents the cell state at time step t, h, represents the hidden state at time step t, X* represents the input to LSTM model at
time step t and o represents gates in a LSTM cell. Here, VQCs are used to implement the gates. Note that the intermediate values are embedded into angles by classical

computers before passing them to the quantum circuits.
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focusing solely on a single dimension of error, these metrics collectively
capture agreement in flow patterns, consistency in statistical properties,
and the magnitude of deviations.

The NSE serves as a diagnostic of how well the model captures the
temporal variability of streamflow. This metric is based on comparing
the squared differences between model outputs and observations against
the variance of the observed data. An NSE score of 1 indicates perfect
agreement, while a value of 0 suggests that the model performs no better
than using the mean of the observations. Negative values indicate that
the model introduces more error than a constant-mean prediction. The
mathematical expression for NSE is:

. (Q?i B Qoi)z

NSE=1 — (Equation 16)

M| 1075

(Qo - Q)"

||
—

where Q,, and Q;, represent the observed and simulated streamflow at
time i, Q, denotes the mean observed flow, and n is the number of data
points considered.

Beyond assessing variance reproduction, model evaluation also
benefits from accounting for correlation and scaling errors, where KGE
becomes particularly important. KGE decomposes model performance
into three components: correlation strength, bias in the mean, and
variability in error. It then synthesizes these components into a single
score. The KGE formulation reduces the likelihood that a model achieves
a high score due to compensating errors. The KGE metric is defined as:

KGE=1—\/(r =17 + (@~ 1) + (8 1)? (Equation 17)

Here, r stands for the Pearson correlation coefficient, « is the ratio of
the simulated to observed means (a = /‘:4), and f measures the relative
variability (f = (Gs //4 ) / (00 //t )), with y and o representing the mean

s o

and standard deviation, respectively.
Finally, MAE was included to provide an intuitive and direct evalu-
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ation of simulation accuracy. NSE and KGE are sensitive to large errors
due to their reliance on squared terms, whereas MAE treats all de-
viations equally by taking the average of absolute differences. It reflects
the typical magnitude of simulation errors without disproportionately
weighing outliers:

0 (Equation 18)

1 n
MAE==>"|Q, — Q|
i1
where Q,, and Q,, are the observed and simulated values, respectively, at

each time step i.

2.5. Experimental setup

The overall workflow of our research is illustrated in Fig. 6. The
CAMELS dataset contains streamflow data from USGS stations, com-
plemented by Daymet-derived meteorological forcing data. Water
quality data was obtained from USGS stations and supplemented with
NLDAS-derived meteorological forcing data. The dataset was then pro-
cessed through a rigorous pipeline including data filtering, missing
value imputation, and standardization. We performed time series sim-
ulations for both datasets and conducted sensitivity analysis and
generalization analysis for streamflow data only. To quantify the
importance of each meteorological predictor, we performed a leave-one-
variable-out sensitivity analysis following the approach of Pianosi and
Wagener (2015) for daily streamflow. For each zone and station, we first
trained a baseline model using all six meteorological forcings, while
keeping the model settings identical across experiments. We then
repeated training from scratch six times, each time excluding exactly
one predictor.

For each station we computed NSE on the held-out test period and
defined the NSE drop attributable as:

ANSE = NSE i — NSE ithout variable (Equation 19)

where NSE,j denotes the baseline performance using all input variables
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Fig. 6. The workflow of HydroQuantum includes creating three different quantum-driven algorithms for daily streamflow and water quality simulation

across CONUS.
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and NSEyjithout variable Te€presents the performance when a specific pre-
dictor was omitted. After computing ANSE for each station, results were
then averaged within each zone to obtain zone-level sensitivity values.

Generalization analysis involved selecting multiple stations from
each zone, training on a subset, and testing on the remaining unseen
stations. The purpose of the sensitivity and generalization analyses was
to evaluate the capability of the QLSTM model; therefore, the analysis
was limited to the CAMELS dataset, which exhibited greater variability
in results. All these approaches were assembled and packaged as
“HydroQuantum”.

The classical LSTM was implemented using PyTorch (Paszke et al.,
2019), whereas the quantum circuits and computations were simulated
using Pennylane (Bergholm et al., 2018). Experiments were conducted
on Clemson University’s high-performance computing Palmetto cluster.
We trained each model separately for each station and collected the
results. The models were trained and evaluated in parallel across
different nodes, each with one high-performance Intel CPU core and 8
GB of RAM. Each model was trained with a batch size of 64 for 140
epochs. All experiments were conducted with a lookback window of 30
days with simulations for the next day.

3. Results and discussion
3.1. Performance assessment

Table 1 and Fig. 7 present the predictive skill of QLSTM, VQC, the
classical LSTM, and a hybrid quantum-classical LSTM for 18 zones or
HUC2. Across all zones, QLSTM yielded the highest mean NSE (0.60),
indicating suggesting improved of daily streamflow data, whereas the
classical LSTM achieved the lowest mean MAE (103.9 m® s~ 1). The
hybrid quantum-classical LSTM attained the highest mean KGE (0.65),
revealing the best overall balance of correlation, bias, and variability.
VQC achieved a mean NSE of 0.49, a mean MAE of 107.3 m®s™}, and a
mean KGE of 0.62, indicating moderate performance across metrics with
strengths in specific zones. These findings highlight the complementary
strengths of each model architecture and suggest that the choice of the
model may depend on specific objectives, such as bias in data, error
magnitude, and hydrological variabilities. However, given that NSE
directly reflects a model’s ability to reproduce the dynamics of
streamflow over time, the comparatively higher NSE performance of
QLSTM underscores its value as the most robust and informative metric
compared to the classical LSTM, VQC, and the hybrid quantum-classical
LSTM.

Table 1
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Individual zone simulation revealed a strong correlation between
daily streamflow simulations and the prevailing hydroclimatic condi-
tions in different regions. Snow- and rainfall-dominated basins such as
the Souris-Red-Rainy, Upper Colorado, and Great Basin regions (zones 9,
14, and 16) showed higher performance for all models (NSE >0.93, KGE
>0.87); nonetheless, the hybrid quantum-classical LSTM consistently
delivered the lowest MAE and the highest KGE. In contrast, urbanized or
flashy basins in zones 2, 5, 7, and 11 showed significant decline in NSE
(0.34-0.53) values for all models. Here, QLSTM retained a modest
improvement in NSE due to its quantum-inspired gating that captures
peak flow variability well. When considering overall performance across
all zones, the classical LSTM achieved the lowest mean MAE (103.9 m®
s™1), indicating its effectiveness in minimizing absolute error. While the
classical LSTM achieves the best average MAE across all zones (103.9
m® s71), the optimal model for minimizing absolute error varies
regionally. The QLSTM yielded the lowest MAE in Zones 1, 6, 8, 9, 10,
and 13, whereas the hybrid quantum-classical LSTM was superior in
Zones 3,4,12,14, 15, and 16. The classical LSTM led only in Zones 7 and
18, and the VQC was occasionally optimal in rapid-response catchments
like Zone 11. This variability underscores that MAE, which is sensitive to
the flow magnitude characteristic of each basin, is an insufficient metric
for ranking model performance across diverse hydrological regimes.

3.2. Daily streamflow simulation

We used the first ten years (October 1, 2000, to October 1, 2010) of
daily streamflow data for training and validation while the subsequent
four years (October 2, 2010, to September 30, 2014) were used for
testing. Simulation results revealed that basins prone to extreme tropical
cyclones, such as those located in the Texas-Gulf and Lower Colorado
regions (zones 12 and 15), presented unique challenges for quantum-
driven models. Both QLSTM and classical LSTM returned negative NSE
and KGE values, whereas the hybrid quantum-classical LSTM showed
improved NSE of 0.24. VQC also struggled in these zones with negative
NSE (e.g., NSE of —2.29 in zone 12) and low KGE (e.g., KGE of —0.02 in
zone 12), indicating limited ability to handle extreme events. In
contrast, large, regulated river systems like the Lower Mississippi, Mis-
souri, and Rio Grande (zones 8, 10, and 13) exhibited distinct perfor-
mance patterns. For example, Zone 13 (Rio Grande region)
demonstrated strong performance across all models, with the hybrid
quantum-classical LSTM achieving the highest KGE (0.85), followed
closely by VQC (0.82) and QLSTM (0.81).

In addition, the VQC performance was generally competitive in

Comparative performance of QLSTM, classical LSTM, hybrid quantum-classical LSTM, and VQC across 18 zones, using three standard evaluation metrics: MAE, NSE,
and KGE. The bottom row reports the average performance across all zones. The best performance in each zone is shown in bold.

Zone MAE NSE KGE
QLSTM LSTM Hybrid vQcC QLSTM LSTM Hybrid vQC QLSTM LSTM Hybrid vQC

1 107.16 121.9 124.2 108.2 0.59 0.56 0.55 0.58 0.64 0.65 0.66 0.64
2 90.74 93.15 96.2 87.22 0.44 0.43 0.43 0.42 0.48 0.48 0.51 0.47
3 82.79 82.59 81.58 97.93 0.56 0.51 0.5 0.53 0.58 0.58 0.6 0.52
4 59.2 59.08 57.31 58.83 0.78 0.77 0.76 0.76 0.79 0.78 0.81 0.78
5 110.8 101.3 112.7 99.74 0.53 0.49 0.51 0.51 0.58 0.61 0.61 0.58
6 106.84 117.4 107.7 123.3 0.56 0.5 0.49 0.54 0.61 0.57 0.61 0.59
7 160.72 138.1 149.2 179.6 0.52 0.46 0.44 0.48 0.49 0.58 0.58 0.45
8 232.95 240.3 238 240 0.64 0.59 0.61 0.63 0.61 0.65 0.64 0.64
9 51.28 60.53 53.19 62.97 0.96 0.96 0.95 0.95 0.92 0.9 0.92 0.94
10 47.72 54.1 57.79 60.69 0.68 0.64 0.62 0.65 0.62 0.62 0.63 0.59
11 97.33 82.47 93.57 77.30 0.37 0.35 0.34 0.39 0.12 0.3 0.24 0.40
12 121.4 74.44 65.5 76.17 —0.04 —0.01 0.24 —2.29 -0.9 —0.48 —0.09 —0.02
13 3.68 4.38 3.7 3.75 0.82 0.79 0.81 0.80 0.81 0.77 0.85 0.82
14 6.63 6.57 5.96 8.46 0.98 0.97 0.98 0.97 0.93 0.94 0.95 0.93
15 21.67 13.4 12.53 14.25 0.29 0.42 0.37 0.39 —0.03 0.38 0.53 0.31
16 4.05 3.36 3.13 3.27 0.93 0.94 0.93 0.94 0.87 0.91 0.95 0.93
17 178.24 172.2 174.3 168.9 0.78 0.74 0.74 0.76 0.81 0.81 0.82 0.82
18 210.5 179.8 184.4 183.1 0.7 0.73 0.71 0.73 0.72 0.76 0.78 0.78
Average 107.71 103.9 105.7 107.3 0.6 0.57 0.55 0.49 0.6 0.62 0.65 0.62
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Fig. 7. Comparison of NSE and MAE values for different models across different zones.

regulated river systems, achieving NSE values of 0.63-0.80 and KGE
values of 0.59-0.82 in zones 8, 10, and 13. However, compared to
QLSTM, VQC fell short in consistently capturing temporal variability in
data. Overall, VQC showed comparable MAE to QLSTM in zones 2 and
11 only, where the HUC is dominated by urbanization.

Fig. 8 presents the simulation results for four selected gauging sta-
tions. As illustrated, at Oyster River (zone 1; see Fig. 8a), all models
achieved comparable NSE values (~0.66-0.73) and relatively low
MAEs. The hybrid quantum-classical LSTM yielded the lowest MAE
(6.77 m®/s) and highest KGE (0.81), suggesting slightly improved con-
sistency in simulation compared to QLSTM and classical LSTM. At
Manatee River (zone 3; see Fig. 8b), the classical LSTM achieved the
lowest MAE (37.91 m>/s), while QLSTM slightly outperformed the other
models in terms of NSE (0.78). Meanwhile, the hybrid quantum-classical
LSTM produced the highest KGE (0.81), demonstrating robustness in
capturing daily streamflow patterns despite having a higher MAE. Paint
Rock River, located in zone 6 (see Fig. 8c), is characterized by notably
higher flow variability. In this basin, QLSTM showed the lowest MAE
and the highest NSE (0.86), highlighting the strength of this algorithm in

predicting peak flow values. At Bad River, located in zone 4 (see Fig. 8d),
all models performed well, achieving high NSE values (>0.85) and
relatively low MAEs. The hybrid quantum-classical LSTM exhibited the
best overall performance with the lowest MAE (178.94 m3/s) and
highest KGE (0.92), indicating strong agreement with observations.

3.3. Cumulative distribution functions (CDFs)

Figs. 9 and 10 present the CDF plots of NSE and MAE, respectively,
for all modeling configurations. These CDFs illustrate the distribution of
model performance across all catchments within each of the 18 zones
across CONUS. As illustrated, in nearly all zones, the QLSTM model
exhibited superior performance compared to the classical LSTM, the
VQC, and the hybrid quantum-classical LSTM. As shown, the CDF curve
of QLSTM is positioned furthest to the right, indicating a higher NSE
performance across CONUS. Furthermore, the CDF curve of the MAE
values for QLSTM shifted further to the left, signifying a lower simula-
tion error for most basins compared to the other models. Notable ex-
ceptions observed in zones 11, 12, 15, 16, and 18, where QLSTM
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Fig. 8. Streamflow simulation results at four selected USGS gauging stations: (a) 01073000, (b) 02299950, (c) 03574500, and (d) 04027000. Each panel compares
observed streamflow (black dashed line) with outputs from the models: Classical LSTM (red), VQC (orange), hybrid quantum-classical LSTM (blue), and QLSTM
(green). Each subplot zooms in on a representative high-flow period to highlight the ability of models to capture peak flow dynamics and temporal variability in data.
(For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 9. The CDF curves of NSE values for the model configurations across 18 zones. For each zone and each model, station-level NSE scores (filtered to include only
non-negative values) were sorted in ascending order, and then CDF curves were created, where each NSE value represents the fraction of stations with an NSE value
that is less than or equal to it.

exhibited the least desirable performance. In addition, the relative In contrast, the hybrid quantum-classical LSTM outperformed the other
performance between the classical LSTM, VQC, and the hybrid quantum- two models in zones 12 and 14, while the classical LSTM performed best
classical LSTM was region-dependent. For example, in zones 1, 8, 11, in zones 15 and 16. In the remaining zones, each model excelled on one
and 17, the VQC outperformed both the classical LSTM and the hybrid metric but not the other, indicating mixed performance. This suggests
quantum-classical LSTM, achieving both a higher NSE and a lower MAE. that the benefit of quantum augmentation varies with local hydrologic
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Fig. 10. The CDFs of MAE for all the models across 18 zones. For each zone and each model, station-level MAE scores were sorted in ascending order, and then CDF
curves were created, where each MAE value represents the fraction of stations with an MAE value that is less than or equal to it.

conditions, rainfall variability, snowmelt-driven flow, and flow magnitude runoff peaks generated by intense rainfall, which the other
regulation. architectures often underfit. In large and partially regulated river sys-

In urbanized and flashy basins (zones 2, 5, and 7), QLSTM demon- tems (zones 10 and 13), QLSTM again outperformed the remaining
strated more favorable NSE distributions than all other models, with models, achieving median NSE values above 0.80 and median MAE
over 60 % of stations achieving NSE <0.62 compared to up to 0.45 for values below 25 m® s1. The smoother long-term flow signals arising
the classical LSTM. The richer representational capacity introduced by from extensive drainage areas and moderate regulation aligned well

quantum embedding allowed QLSTM to better capture short-lived, high- with QLSTM’s ability to capture extended dependencies while still
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accommodating shorter variability. In rainfall-dominated coastal re-
gions such as zone 12, however, this advantage diminished: QLSTM
lagged behind the hybrid quantum-—classical LSTM, with median NSE
values falling well below 0.5. This underperformance reflects the strong
non-stationarity introduced by occasional tropical storms and coastal
storm surges, which disrupt the persistence that QLSTM depends on. In
zone 15, heavy reservoir regulation created abrupt discontinuities in the
flow time series, such as sudden releases or sustained low flows. In this
setting, both the classical LSTM and the hybrid quantum-classical LSTM
occasionally outperformed QLSTM by better balancing short-term fluc-
tuations with seasonal signals. In arid basins (zone 16), where stream-
flow magnitudes and MAE values were already very low (typically <10
m®s™1), quantum augmentation provided little additional benefit, as all
models achieved similar accuracy.

The NSE results, shown in Fig. 9, further revealed satisfactory per-
formance for most zones. Regions with particularly strong performance
included zone 9 (Souris-Red-Rainy Region), zone 13 (Rio Grande Re-
gion), zone 14 (Upper Colorado), zone 16 (Great Basin Region), and
zone 17 (Pacific Northwest), all of which exhibited median NSE values
above 0.80 across all configurations. Conversely, some zones consis-
tently showed unsatisfactory performance across all models, with me-
dian NSE values below 0.5. These include zone 2 (Mid-Atlantic), zone 11
(Arkansas-White-Red), zone 12 (Texas-Gulf), and zone 15 (Lower Col-
orado Region). The sub-performance in zones 2 and 11 likely stems from
erratic rainfall patterns and flashy runoff responses, which made it
difficult for quantum-driven models to learn stable relationships. MAE
results further revealed substantial regional variation, largely driven by
climate and catchment variabilities (see Fig. 10). Arid and semi-arid
regions with low streamflow values, such as zones 13 (Rio Grande)
and 16 (Great Basin), exhibited very low MAE values (often <10 m3s™.
In contrast, regions encompassing large river systems and higher pre-
cipitation amounts, like zones 17 (Pacific Northwest) and 18 (Califor-
nia), showed much larger MAE values, with errors reaching up to
~1400 m® s~! and median errors around 100 m® s~!. These western
coastal basins (HUC-17 and HUC-18) are characterized by complex
topography, pronounced seasonal variability, and intensive water
management, all of which contribute to elevated simulation
uncertainties.

The shape of the CDF curves further revealed important patterns in
streamflow simulation and performance distribution within each zone.
NSE performance is illustrated by a curve shifted far to the right with a
steep slope, suggesting consistently high performance across most zones
(see Fig. 9). For example, the CDFs of zones 4 and 14 rose sharply to high
NSE thresholds (e.g., above 0.8), indicating that the majority of gauging
stations in these zones performed well. In contrast, zones 2, 11, and 12
often displayed CDFs that were shifted significantly to the left with a
gentle slope and prominent right tails, indicating that the majority of
these regions exhibited unsatisfactory performance.

The CDF curves associated with MAE exhibited a steep initial rise
followed by a long upper right tail (see Fig. 10). This implies that while
the majority of catchments within a zone might have relatively low
MAE, a subset of catchments experienced substantially higher errors,
leading to significant instability in the models. For instance, in South
Atlantic-Gulf (zone 3) the errors extended to over 400 m>/s for the
worst-performing catchments, highlighting significant intraregional
performance variability.

3.4. Water quality analysis

In this study, daily SWT simulation was performed using classical
LSTM, QLSTM, hybrid quantum-classical LSTM, and VQC for 27 USGS
gauging stations across CONUS. The data for SWT, which serves as a
proxy for water quality, were obtained directly from USGS databases, as
the CAMELS dataset does not include SWT. To ensure robust evaluation,
we selected stations that provided continuous data from October 1,
2015, to September 30, 2022, with fewer than 30 consecutive days of
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missing values. Meteorological forcings were derived from the NLDAS
dataset, including precipitation, air temperature, humidity, horizontal
wind components, downward shortwave and longwave radiation, and
potential evaporation. The models were trained and validated from
October 1, 2015, to September 30, 2020, and tested from October 1,
2020, to September 30, 2022. The performance of all models was
evaluated for each USGS gauging station (see Table 2).

As shown in Table 2, overall, the classical LSTM slightly out-
performed the other models for SWT, yielding the lowest errors on
average across the 27 stations. The hybrid quantum-classical LSTM
ranked second, while QLSTM and VQC performed slightly lower. In-
spection of individual station results (Table 2 and Fig. 11) reveals
important insights. While the classical LSTM consistently produced the
lowest MAE values across most stations, the hybrid quantum-classical
LSTM achieved superior KGE values in many stations. This highlights
the fact that the hybrid quantum-classical LSTM captured the overall
structure of SWT dynamics well, including seasonal variability and long-
term fluctuations. Although the QLSTM model slightly lagged in terms of
MAE, it still provided robust simulation with NSE values exceeding 0.95
at most stations. Notably, QLSTM outperformed both the hybrid
quantum-classical LSTM and classical LSTM in several stations such as
Pecos River at Red Bluff, NM (USGS-08407500), West Clear Creek near
Camp Verde, AZ (USGS-09505800), and Walker River near Wabuska,
NV (USGS-10301500). This algorithm surpassed the other models in
these stations where dependencies within SWT data changed over time.
VQC simulation suggested that this standalone quantum approach
demonstrated competitive performance with mean NSE values of 0.982
across all stations, achieving the highest KGE scores at 11 out of 27
stations including Colorado River at Lees Ferry, AZ (USGS-9380000) and
Pecos River at Red Bluff, NM (USGS-08407500). However, the VQC
approach showed slightly higher MAE values compared to classical
methods, indicating some challenges in minimizing absolute prediction
errors despite its strong correlation performance.

Since SWT generally has a regular and less complex trend than
streamflow data, all models achieved superior performance across
different zones. In this context, the classical LSTM proved to be partic-
ularly well-suited due to its relatively simple architecture and effective
memory mechanisms. More importantly, classical LSTM was more effi-
cient in learning patterns and seasonal trends in data without the added
complexity of quantum components. In contrast, the inclusion of VQC
component to QLSTM and the hybrid quantum-classical LSTM provided
no differences in performance results, reflecting the fact that SWT data
posed no unique challenges for the models. This analysis further
revealed that classical LSTM is well suited for SWT simulation since the
algorithm can retain information over extended periods, allowing the
model to capture and learn from recurring patterns and relationships
within the data. The hybrid quantum-classical LSTM, which blends
classical LSTM with quantum layers, offers a balance between expres-
siveness and stability, but in SWT application, this added complexity
translated into no substantial differences in performance VQC also
showed high performance, with NSE values consistently above 0.94 and
KGE values above 0.93 across all stations, although it showed slightly
higher MAE on average compared to the classical LSTM. The analysis
suggests that the quantum variational approach may not offer additional
benefits for SWT simulation over simpler classical architecture. Ulti-
mately, the superior results of the classical LSTM highlight the impor-
tance of matching model complexity with the problems inherent in data
patterns.

In addition, stations in snow-dominated and high-elevation regions,
such as those located in the Upper Colorado or Pacific Northwest,
showed higher accuracy across all models. This can be attributed to the
strong seasonal and climatic signals in these areas, which can be easily
captured by the proposed models. In contrast, stations in semi-arid or
subtropical regions (e.g., west Texas) exhibited greater variability in
performance, likely due to complex land-atmosphere interactions, high
evaporation demand, prolonged drought conditions, and sparse forcing
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Evaluation metrics for classic LSTM, quantum-classical LSTM, QLSTM, and VQC at each USGS gauging station for the SWT simulation. The best performances are

shown in bold.

Station ID MAE NSE KGE

QLSTM LSTM Hybrid vQC QLSTM LSTM Hybrid vQC QLSTM LSTM Hybrid vQC
1129200 0.551 0.443 0.473 0.576 0.983 0.989 0.987 0.982 0.976 0.985 0.979 0.972
1484080 0.548 0.517 0.438 0.532 0.993 0.994 0.996 0.994 0.979 0.976 0.987 0.992
1646305 0.716 0.675 0.633 0.775 0.982 0.985 0.985 0.977 0.961 0.969 0.989 0.979
2266300 0.594 0.46 0.482 0.492 0.958 0.973 0.972 0.970 0.978 0.985 0.977 0.983
22908295 0.695 0.624 0.656 0.616 0.926 0.944 0.939 0.940 0.946 0.954 0.971 0.955
3297800 1.078 0.966 1.057 0.966 0.964 0.972 0.965 0.971 0.942 0.957 0.952 0.961
3321500 0.575 0.615 0.515 0.519 0.992 0.992 0.994 0.993 0.971 0.968 0.973 0.991
3354000 0.902 0.596 0.672 0.801 0.981 0.991 0.989 0.985 0.958 0.983 0.984 0.984
351706800 0.927 0.731 0.678 0.734 0.967 0.981 0.983 0.979 0.946 0.949 0.95 0.972
4108660 0.567 0.401 0.441 0.518 0.994 0.997 0.996 0.995 0.98 0.99 0.981 0.99
4136000 0.583 0.592 0.522 0.632 0.989 0.989 0.991 0.987 0.973 0.962 0.973 0.981
5082500 0.545 0.431 0.367 0.455 0.995 0.997 0.997 0.997 0.994 0.976 0.992 0.994
5420460 0.589 0.616 0.577 0.567 0.995 0.994 0.995 0.995 0.975 0.967 0.979 0.991
6775900 0.7 0.635 0.689 0.783 0.975 0.979 0.975 0.968 0.986 0.981 0.97 0.984
7191222 0.756 0.347 0.575 0.646 0.978 0.994 0.986 0.983 0.958 0.986 0.969 0.974
7387050 0.951 0.951 0.898 0.907 0.964 0.97 0.97 0.963 0.954 0.948 0.923 0.957
8317400 0.694 0.335 0.259 0.261 0.988 0.997 0.998 0.998 0.95 0.977 0.987 0.997
8407500 0.858 1.03 0.887 0.830 0.979 0.973 0.977 0.979 0.968 0.942 0.936 0.985
9085150 0.738 0.557 0.563 0.566 0.98 0.988 0.989 0.988 0.939 0.956 0.963 0.963
9302000 0.684 0.552 0.616 0.841 0.991 0.994 0.993 0.987 0.977 0.988 0.973 0.964
9505800 0.486 0.525 0.65 0.640 0.987 0.986 0.98 0.980 0.984 0.976 0.966 0.982
10249300 0.75 0.514 0.597 0.715 0.965 0.983 0.976 0.969 0.927 0.987 0.94 0.937
10301500 0.878 0.943 1.186 0.982 0.978 0.975 0.962 0.973 0.976 0.967 0.961 0.976
11044000 0.424 0.336 0.382 0.435 0.985 0.989 0.988 0.985 0.973 0.99 0.986 0.974
11203580 0.655 0.444 0.547 0.602 0.977 0.989 0.984 0.980 0.964 0.992 0.98 0.958
13317660 0.486 0.525 0.349 0.313 0.992 0.992 0.996 0.996 0.979 0.96 0.989 0.989
295826095082200 0.52 0.526 0.524 0.491 0.991 0.991 0.991 0.991 0.99 0.983 0.987 0.99
Average 0.683 0.588 0.601 0.637 0.980 0.985 0.983 0.982 0.967 0.972 0.971 0.977

data. Despite these challenges, all models consistently yielded NSE
values above 0.92 and MAE below 1.0, indicating strong performance
across diverse hydroclimatic settings.

3.5. Sensitivity analysis

Since QLSTM was the best performer among the models, we per-
formed the sensitivity analysis of QLSTM model. Also, due to superior
results of SWT simulation, we only focused on the sensitivity analysis of
daily streamflow results. To gain deeper insights into the predictive
behavior of the QLSTM model in daily streamflow simulation, we con-
ducted a comprehensive sensitivity analysis across the 18 zones. The
QLSTM sensitivity analysis focused on six weather forcing variables:
minimum temperature, vapor pressure, snow water equivalent, precip-
itation, maximum temperature, and solar radiation. The goal was to
determine the relative importance of each variable by comparing the
NSE values when all variables were included in QLSTM to those ob-
tained when each variable was individually removed. For each zone, we
calculated the average NSE value across all USGS gauging stations using
all forcing inputs. We then systematically removed one variable at a time
and retrained the model to obtain the corresponding average NSE. The
difference between the NSE values with all forcing inputs and those with
one variable excluded provided a measure of sensitivity. The difference
between these two NSE values indicated that the excluded variable had a
significant influence on simulation accuracy for that zone.

The results revealed considerable spatial heterogeneity in the
sensitivity of input variables, consistent with climatic, topographic, and
land use variations across CONUS. Sensitivity analysis further revealed
that precipitation consistently emerged as the most sensitive variable
influencing the accuracy of daily streamflow simulation with notable
degradation in modeling performance upon its exclusion. In Mid
Atlantic (zone 2) and South Atlantic-Gulf (zone 3) characterized by
humid subtropical climates, densely vegetated landscapes, and frequent
convective storms, the exclusion of precipitation led to a substantial
decline in NSE values. The direct correlation of daily streamflow with
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precipitation reflects the flashy hydrological responses and relatively
small soil moisture amount in these regions. Moreover, in humid cli-
mates with relatively low topographic variability the direct relationship
between rainfall and streamflow led to increasing the sensitivity of
QLSTM to precipitation inputs. Table 3 summarizes the outcomes of
sensitivity analysis across different zones.

In contrast, SWE provided strong control over the northern regions,
particularly New England (zone 1) and Great Lakes (zone 4). These re-
gions are characterized by humid continental and cold climate regimes
with significant seasonal snow accumulation and complex freeze-thaw
cycles. As a result, the NSE value declined significantly in these re-
gions when SWE was excluded from QLSTM. The physical processes
governing snowmelt-driven streamflow dominate winter and spring
streamflow time series data in these regions, making SWE a significant
predictor for maintaining model fidelity during transitional seasons.
QLSTM, which leverages quantum superposition to enhance memory
capacity, can indeed improve the encoding of information related to
delays in streamflow response, especially those influenced by snowmelt
processes. Both Tmin and Tmax displayed moderate, but regionally
dependent, sensitivity patterns. In northern and mountainous zones,
particularly Upper (zone 7) and Lower Mississippi (zone 8) regions, the
exclusion of Tmin and Tmax modestly degraded QLSTM modeling per-
formance. These results reflect the importance of temperature in
modulating snowmelt rates, evapotranspiration processes, and freeze-
thaw transitions that impact runoff generation mechanisms. However,
in arid and semi-arid regions such as Upper and Lower Colorado (zones
14 and 15) regions, the impact of temperature variability was compar-
atively insignificant.

In addition, the exclusion of vp proved significant across the majority
of hydrologic zones. For instance, in zones 3, 6, and 7, the NSE declined
by approximately 0.083-0.090, while in zones 10, 11, 12, and 15, the
reductions were more pronounced, ranging from 0.113 to 0.690. These
declines were particularly notable in humid regions, where atmospheric
moisture exerts a strong influence on evapotranspiration fluxes. In
Tennessee (zone 6), characterized by humid subtropical forests, high
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Fig. 11. Observed vs. predicted SWT at the three selected USGS monitoring sites: (a) 01646305, (b) 07191222, and (c) 10301500. Each panel displays the per-
formance of predictive models: Classical LSTM (red), VQC (Orange), Hybrid quantum-classical LSTM (blue), and QLSTM (green), against the observed values (black
dashed line). Inset plots highlight modeling performance within a fraction of time to emphasize differences. (For interpretation of the references to colour in this

figure legend, the reader is referred to the Web version of this article.)

annual precipitation, and warm temperatures, the exclusion of vp data
led to a marked reduction in model performance, indicating that vapor
pressure dynamics play a critical role in regulating streamflow.
Conversely, in arid basins such as the Great Basin (zone 16), the impact
of vp exclusion was negligible, reflecting the limited contribution of
atmospheric moisture to hydrological processes in regions with sparse
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vegetation and minimal soil water availability.

Furthermore, the sensitivity of srad exhibited remarkable variability.
In snow-dominated regions such as Pacific Northwest (zone 17) and
California (zone 18), the removal of srad noticeably declined NSE
values. In these zones, srad is the primary driver of the energy balance
that can dictate snowmelt timing. For example, in snow-dominated
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Regional average NSE values based on varying sets of input variables used in QLSTM.

Zone  All Without Minimum Without Vapor Without Snow Water Without Without Maximum Without Solar
Variables Temperature Pressure Equivalent Precipitation Temperature Radiation
1 0.586 0.598 0.594 0.571 0.585 0.594 0.585
2 0.445 0.431 0.439 0.435 0.412 0.436 0.433
3 0.561 0.454 0.471 0.441 0.423 0.456 0.499
4 0.783 0.780 0.776 0.769 0.772 0.779 0.779
5 0.531 0.512 0.527 0.516 0.511 0.525 0.526
6 0.565 0.508 0.482 0.500 0.481 0.497 0.511
7 0.522 0.431 0.437 0.451 0.436 0.445 0.437
8 0.686 0.661 0.679 0.702 0.657 0.654 0.669
9 0.948 0.936 0.932 0.938 0.937 0.938 0.937
10 0.678 0.581 0.565 0.574 0.556 0.573 0.690
11 0.367 —-0.018 0.027 0.055 —0.095 0.122 0.047
12 —0.040 —5.721 —0.730 —-0.851 —5.488 —5.334 —0.354
13 0.818 0.807 0.815 0.811 0.803 0.806 0.801
14 0.977 0.974 0.975 0.972 0.971 0.976 0.972
15 0.289 0.269 0.148 0.256 0.127 0.221 0.128
16 0.935 0.917 0.928 0.889 0.927 0.887 0.929
17 0.778 0.771 0.771 0.774 0.767 0.772 0.766
18 0.699 0.696 0.699 0.684 0.661 0.752 0.657

basins where srad drives snowmelt timing, srad exclusion significantly
reduced NSE values. As the main driver of snowpack ablation, excluding
srad impaired accurate snowmelt-driven streamflow simulation. While
the entangled quantum memory cells of QLSTM captured delays in
streamflow generation well, the performance of this algorithm declined
significantly without srad input. In contrast, srad was less critical in
humid tropical and subtropical basins such as Mid Atlantic (zone 2) and
South Atlantic-Gulf (zone 3). Overall, the degree of sensitivity observed
across regions reflects the inherent hydrological and climatic variabil-
ities across zones. The highest sensitivity was observed in South
Atlantic-Gulf (zone 3), Tennessee (zone 6), Upper Mississippi (zone 7),
and Missouri (zone 10). These regions, characterized by humid climates,
mixed land uses, and strong precipitation-driven streamflow regimes,
which showed substantial declines in modeling performance when key
climatic variables were excluded. In these regions, hydrological pro-
cesses are heavily influenced by direct rainfall events, evapotranspira-
tion dynamics, and seasonal temperature shifts, making them
particularly sensitive to variations in meteorological inputs. The diverse
topography and land use patterns, including agricultural activities and
urbanization, further amplified their dependence on comprehensive
input data to accurately predict daily streamflow values.

Conversely, regions such as Great Lakes (zone 4), Souris-Red-Rainy
(zone 9), Texas-Gulf (zone 13), and Upper Colorado (zone 14), which
are characterized by relatively stable hydrological regimes, demon-
strated relatively low sensitivity to the exclusion of individual variables.
In these regions, streamflow is less variable on a daily basis, and fluc-
tuations of meteorological drivers such as precipitation and temperature
have a direct influence on discharge patterns. Overall, QLSTM model
maintained a relatively stable performance even though some input
variables were excluded from the modeling run. The quantum entan-
glement and superposition within the hidden layers contributed to
QLSTM'’s superior performance in capturing delayed, nonlinear, and
spatially distributed hydrological processes. This was particularly
evident in snow-dominated regions, where a temporal lag between
meteorological forcing and hydrological response led to challenging
rainfall-runoff modeling. The QLSTM’s ability to maintain coherent
predictive sequences despite partial input data can be attributed to the
quantum encoding of temporal patterns which allows for richer repre-
sentation of sequential data.

Superposition allowed the model to simultaneously evaluate multi-
ple pathways of information flow, enhancing its ability to infer missing
relationships and patterns in data when some variables were excluded.
However, the sensitivity analysis revealed that while quantum features
enhance model adaptability, they cannot fully offset the absence of
physically dominant variables such as precipitation and SWE,
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particularly in regions where streamflow is tightly driven by a single
dominant process (precipitation or SWE). In addition, forested regions,
such as those prevalent in Ohio (zone 5) exhibited moderate sensitivity
to multiple input variables. Forested zones often feature buffered hy-
drological responses due to canopy interception, root zone storage, and
enhanced infiltration rates. These factors mediate the influence of
meteorological forcings on streamflow, resulting in a more distributed
sensitivity profile. In agricultural regions such as Missouri (zone 10) and
Arkansas-White-Red (zone 11) which are characterized by extensive
land modification and artificial drainage networks, the sensitivity of
QLSTM to precipitation remained significant. Rapid surface runoff
generation in agricultural basins boosted the model’s confidence in
precipitation inputs for effective daily streamflow simulation. The
QLSTM model capitalized on these moderated dynamics by maintaining
relatively stable predictive performance even though certain variables
were excluded.

Overall, the sensitivity of QLSTM varied significantly across CONUS,
underscoring differences in hydrological responses. In regions with
rapid hydrological response to precipitation, such as humid tropical
zones (zone 3), streamflow generation is tightly associated with mete-
orological conditions. In contrast, the sensitivity results for snow-
dominated or groundwater-dominated basins with longer hydrological
responses showed more distributed sensitivity patterns, reflecting the
integration of antecedent soil conditions over a longer timeframe. The
ability of QLSTM to encode long-term dependencies using quantum
entanglement enhanced its performance in these basins with prolonged
hydrological response times.

3.6. Model generalization across regions

In continuation of our analyses, the capability of the models was
further assessed for generalization across different gauging stations
within the same zone. Within each zone, we initially selected a repre-
sentative group of stations based on factors like spatial distribution, land
use, etc. Consequently, a random sample of 10 stations was selected if
the zone contained 10 or more, or a complete set of stations if fewer than
10 were present. This selected set of stations for each zone was then
randomly divided, allocating 70 % of the gauging stations for model
training and the remaining 30 % for testing. The classical LSTM, VQC,
hybrid quantum-classical LSTM, and QLSTM models were trained using
data solely from the designated training stations. The predictive per-
formance of the models was then evaluated on the unseen stations from
the same zone during testing period. Table 4 summarizes the results of
generalization performance, presenting the average NSE, MAE, and KGE
values for each zone.
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modeling generalization across testing stations within each zone for all models. Metrics are computed over the testing period using unseen stations. The best per-

formances are shown in bold.

Zone Classical LSTM Hybrid quantum-classical LSTM QLSTM vQcC

NSE MAE KGE NSE MAE KGE NSE MAE KGE NSE MAE KGE
1 0.64 48.2 0.71 0.68 41.93 0.79 0.73 37.4 0.77 0.65 63.2 0.68
2 0.24 68.3 0.48 0.14 98.83 0.21 0.21 118 0.05 0.44 53.7 0.51
3 0.32 39.8 0.38 0.31 51.48 0.34 0.31 47.9 0.36 0.35 44.8 0.34
4 0.98 18.4 0.94 0.97 22.32 0.93 0.97 20 0.92 0.96 31.7 0.93
5 0.47 24.5 0.6 0.42 27.32 0.52 0.48 24.3 0.64 0.55 49.9 0.65
6 0.57 128 0.58 0.52 158.3 0.49 0.51 158 0.46 0.4 139 0.38
7 0.58 100 0.58 0.49 108 0.55 0.49 123 0.38 0.77 133 0.74
8 0.46 402 0.63 0.47 366.7 0.61 0.41 429 0.63 0.84 100 0.87
9 0.99 71.9 0.93 0.99 67.03 0.94 0.98 79.5 0.93 0.95 222 0.94
10 0.76 139 0.88 0.69 16.99 0.72 0.78 12.7 0.87 0.61 3.74 0.63
11 0.49 84.6 0.36 0.46 92.35 0.32 0.47 118 0.16 -2.8 9.38 -1.4
12 -1.4 79.3 —-0.3 —-0.8 67.25 -1.8 -27 110 -3.8 -16 117 -2.6
13 0.54 5.09 0.74 0.52 5.69 0.71 0.5 5.86 0.74 0.41 10.2 0.33
14 0.98 7.96 0.95 0.98 8.62 0.94 0.99 7.28 0.97 0.98 18.8 0.96
15 0.3 23.2 0.64 0.03 35.82 —-0.6 0.22 20.9 0.21 0.14 30.6 0.09
16 0.93 4.27 0.92 0.93 3.74 0.94 0.94 3.95 0.92 0.88 3.99 0.71
17 0.5 139 0.69 0.32 162.6 0.59 0.5 156 0.66 0.48 218 0.73
18 0.62 203 0.75 0.51 361.7 0.4 0.56 308 0.56 0.53 775 0.73

The results revealed significant variability in the capability of clas-
sical LSTM, VQC, hybrid quantum-classical LSTM, and QLSTM models to
generalize daily streamflow simulations within each zone. The results
showed that there isn’t a single model that consistently outperforms the
others across all zones for streamflow generalization. The classical LSTM
model demonstrated the best generalization performance in zones 3, 4,
6, 7, 11, 13, 17 and 18 consistently outperforming the other models
across all evaluation metrics. In addition, QLSTM and VQC out-
performed other models in zone 1, 2, 5,7, 8 and 14, which implies the
quantum algorithms are highly capable of modeling complex data. It is
important to note that the QLSTM used in this study was designed with
only 4 qubits while VQC was designed with 8 qubits, hence a QLSTM
contained a significantly small number of training parameters compared
to classic and hybrid LSTM models. The classical quantum hybrid model
was the top performer in only zones 9 and 16. The results revealed that
the variability in hydrological characteristics, data complexity, and
patterns within each zone significantly influenced the selection of the
most appropriate model for that specific region. In snow-dominated and
high-elevation regions, models exhibited strong spatial dependencies,
particularly in Great Lakes (zone 4), Souris-Red-Rainy (zone 9), Upper
Colorado (zone 14), and Great Basin (zone 16), where NSE and KGE
scores consistently approached near-perfect values. These results
revealed that the models are proficient in regions characterized by
pronounced, predictable snowmelt-driven streamflow. Conversely,
eastern zones displayed more mixed results. Moderate generalization
was observed in New England (zone 1), where QLSTM notably out-
performed the other models. However, in the Mid-Atlantic region (zone
2), all models struggled equally, indicating that the complexity intro-
duced by varying physiographic settings and urbanization can challenge
daily streamflow simulation. Meanwhile, excellent generalization was
observed in the Great Lakes region (zone 4), suggesting that moderate
climatic conditions influenced by the lakes facilitated more uniform
hydrological responses. Regions such as Ohio (zone 5), Tennessee (zone
6), and Upper Mississippi (zone 7) showed moderate performance,
highlighting the impacts of mixed land use, regulated river systems, and
snowmelt patterns on streamflow variability. In contrast, zones 9
(Souris-Red-Rainy) and 10 (Missouri Region) exhibited strong general-
ization across all models.

In the southern and central U.S., the generalization results varied
widely. Performance in highly diverse and heterogeneous regions such
as the South Atlantic-Gulf (zone 3) and Lower Mississippi (zone 8) were
notably poor due to complexities in precipitation patterns, engineered
water management systems, and complex streamflow patterns. The
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Arkansas-White-Red (zone 11) and Texas-Gulf (zone 12) basins
demonstrated similar challenges because of erratic precipitation pat-
terns with significant effects on the hydrological cycle. The Rio Grande
(zone 13) responded positively to generalization with moderate NSE,
high KGE, and low MAE, likely due to consistency in streamflow data
and snow equivalent water effect on simulations.

Western basins, on the other hand, presented mixed performance
reflective of their unique topographic and climatic diversity. Low
generalization was observed in the highly regulated basins such as
Lower Colorado basin (HUC 15), where altered flow regimes compli-
cated streamflow simulation. Zones 14 (Upper Colorado) and 16 (Great
Basin), however, demonstrated strong generalization performance,
indicating a high degree of predictability in these snowmelt-dominated
regions. The Pacific Northwest (zone 17) and California (zone 18) basins
displayed moderate NSE but high MAE values, suggesting significant
challenges in accurately simulating flow magnitudes across diverse
hydroclimatic regions. California’s complex hydrologic system, shaped
by snowpack variability and intensive regulation hindered simulation
performance.

Overall, generalization was mostly successful in regions character-
ized by uniform hydrological drivers, primarily snowmelt and moderate
climatic conditions, while significant challenges arose in regions with
complex hydrological systems, extensive human interventions, and
substantial climatic variability. The findings emphasize that when
selecting a quantum-driven model for a hydrologic simulation task, it’s
crucial to ensure the model generalizes well to new, unseen data and to
consider specific regional characteristics. This means the model should
not only perform well on the training data but also be adaptable to
different situations and datasets, and that the chosen model’s attributes
should align with the specific characteristics of the new region.

3.7. Computational cost

The results demonstrated a significant difference in computational
cost. The training time of QLSTM was around 139.4 s per epoch which is
substantially higher than other models. In contrast, the hybrid quantum-
classical LSTM was the most efficient at 2.43 s, while the classic LSTM
and the VQC required 2.65 s and 3.83 s, respectively. The difference in
computational cost between the classic LSTM and the VQC is primarily
due to the overhead simulating quantum circuits on classical hardware.
The default qubit backend tracks the full state vector of the qubits, a
method known to be computationally intensive. Technically, the cost of
state vector simulation scales exponentially with the number of qubits.
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Therefore, even with the relatively small 4-qubit circuits used in this
study, the simulation was time-consuming. This specific choice was a
balance between model capacity and computational feasibility. The
number of qubits directly influences the expressiveness of the quantum
circuit; however, simulating quantum circuits on classical hardware
incurs an exponential cost in memory and computation time with each
additional qubit. A 4-qubit system, representing a 16-dimensional state
space, provided a sufficiently complex circuit architecture to capture
non-linear hydrological relationships while remaining computationally
tractable for the large-scale benchmarking performed across hundreds of
catchments. The performance gap can possibly widen dramatically for
more complex circuits involving a larger number of qubits. It is impor-
tant to note that the bottleneck in performance and qubit count arises
from simulating quantum operations on classical hardware, rather than
being an inherent limitation of the quantum algorithms. When imple-
mented on native quantum hardware, these algorithms are expected to
run significantly faster and scale to far more qubits, potentially yielding
improved results.

4. Conclusion and future work

This study developed a new Python package called HydroQuantum
for hydrological simulations. The package includes QLSTM, VQC, and
hybrid quantum-classical LSTM that are tested for daily streamflow and
SWT simulations across CONUS. Through extensive computational ex-
periments and rigorous sensitivity analysis, our results revealed
compelling evidence of the potential advantages and inherent limita-
tions of quantum-enhanced neural networks in hydrological simula-
tions. The comprehensive performance assessment highlighted the
distinctive strengths inherent in quantum-enhanced architecture. First,
the selection of quantum-driven models for daily streamflow simulations
should be tailored to basin-specific characteristics and management
regimes. Second, QLSTM exhibits certain strengths relative to classical
LSTM, primarily due to its ability to leverage quantum mechanical
principles. This includes enhanced memory capacity, improved
handling of long-range dependencies, and greater expressive power for
complex time-series data. Quantum strength arises from superposition
and entanglement, embedded within the VQCs to achieve enhanced
efficiency in handling temporal dependencies. This quantum paral-
lelism, made possible by these quantum phenomena, allows QLSTMs to
process information in a way that classical LSTMs cannot, potentially
leading to faster and more accurate handling of complex temporal pat-
terns in data.

Moreover, entanglement facilitates correlated quantum states across
qubits, offering enhanced capability for capturing interdependencies
and non-linear interactions among hydrological variables, which are
notoriously challenging for classical LSTM to accurately replicate. Su-
perposition, which allows qubits to represent multiple states simulta-
neously, significantly enhanced the representational power of the
classical LSTM by concurrently exploring multiple possible model states.
Our findings highlight that integrating quantum-inspired mechanisms
into LSTM architecture can improve predictive accuracy, particularly in
basins prone to extreme hydrological events or regulated-flow condi-
tions. Furthermore, the quantum computational approach enhanced
temporal encoding capabilities of the model which was especially
beneficial in snow-dominated regions, such as the Great Lakes and
Upper Colorado basins. In these basins, hydrological responses are pri-
marily driven by snow accumulation and subsequent melt processes
which exhibit complex, temporal patterns and delayed responses to
streamflow generation. QLSTM demonstrated enhanced predictive ca-
pabilities due to its intrinsic ability to encode these delayed and
nonlinear interactions, showing improvements relative to classical
LSTM.

In addition, the hybrid quantum-classical LSTM, integrating classical
LSTM layers with quantum-enhanced circuits, showed competitive
performance, demonstrating its ability in simulating complex data
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patterns in daily streamflow time series. The hybrid quantum-classical
LSTM leverages classical LSTM’s sophisticated memory mechanism to
process sequential data to capture long-term dependencies. This algo-
rithm also benefits from the quantum circuits’ ability to capture intricate
and subtle temporal dynamics via superposition and entanglement.
These strengths proved particularly advantageous in complex and
regulated basins characterized by heterogeneous precipitation patterns,
diverse land-use changes, and considerable anthropogenic climatic
change. Here, hybrid quantum-classical LSTM capability for spatial
generalization and its balanced representation of bias, correlation, and
variability underscore its practical applications for both streamflow and
SWT simulations.

Overall, QLSTM showcased substantial predictive improvements in
complex daily streamflow simulations, while the performance of this
algorithm diminished for time series data with regular trends such as
SWT. All models demonstrated strong performance for SWT simulation
with insignificant differences observed among them. The classical LSTM
showed better results by efficiently capturing the dynamics of SWT data.
Although the hybrid quantum-classical LSTM and QLSTM maintained
robust performances, their quantum enhancements provided no sub-
stantial improvements in SWT simulation. This finding underscores the
importance of appropriately matching model complexity with time se-
ries patterns, suggesting that quantum computational advantages might
not technically justify their computational costs and complexities unless
they deal with highly complex hydrological time series data.

Sensitivity analysis of QLSTM revealed significant variability in the
sensitivity of streamflow simulation to different meteorological inputs
across CONUS. Quantum models, despite their advanced temporal
modeling capabilities, remain dependent on accurate, complete, and
physically meaningful input data. The results demonstrated that inte-
grating sensitivity assessments into the quantum workflow is essential
for developing robust, geographically tailored hydrologic simulation.
Furthermore, sensitivity results can inform data collection priorities,
suggesting which meteorological variables require higher spatial and
temporal resolution in measurements to enhance streamflow simula-
tions in specific regions. Incorporating such insights into future
modeling designs can contribute to more resilient and informed river
system management under non-stationarity.

Moreover, modeling generalization across different gauging stations
within each zone revealed substantial variability in performance met-
rics. Classic LSTM exhibited robust generalization, particularly excelling
in diverse contexts such as snow-dominated and regulated basins.
QLSTM showed superior performance in regions such as New England,
underscoring its strength in modeling intricate temporal patterns
through quantum superposition and entanglement. In addition, the
hybrid quantum-classical LSTM performed well in the Lower Mississippi
and Great Basin but was generally less effective than the classical and
QLSTM. Regions characterized by extreme events and high complexity
such as eastern basins and highly regulated western basins, posed sig-
nificant challenges for all models. These findings emphasize that model
selection should be guided by specific regional hydrological attributes
and flow regimes, reinforcing the necessity of tailored modeling stra-
tegies for effective hydrological simulation.

When considering the practical significance of these results, it is
important to note that although some quantum-driven models did not
consistently outperform the classical LSTM in every scenario, their
relative improvements in critical metrics (e.g., NSE, KGE) across mul-
tiple hydroclimatic zones suggest region-specific advantages. The
practical significance of this work lies in demonstrating the feasibility
and adaptability of quantum-enhanced architectures in hydrological
simulations, especially in regions characterized by nonlinear, delayed,
or peak-dominated flow dynamics. Moreover, this study provides the
first large-scale benchmarking of QLSTM, VQC, and hybrid quantum-
classical models on hydrologic datasets, laying the groundwork for
future improvements as quantum hardware advances. By establishing
baseline performance, this research offers a valuable reference point for
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subsequent quantum-hydrologic model development.

Despite the considerable promise and theoretical advantages
demonstrated herein, quantum-enhanced models are not without sig-
nificant limitations and practical challenges. One primary limitation
involves computational complexity and resource demands associated
with simulating quantum computations on classical hardware. Current
quantum computing hardware remains at an early stage of development,
lacking sufficient qubit numbers, coherence times, and error rates
required for practical, large-scale applications. Consequently, the pre-
sent study employed quantum simulations executed on classical
computational resources, inherently limiting scalability and efficiency.
Furthermore, quantum circuit optimization, a critical step in training
quantum neural networks, remains challenging due to the phenomena of
barren plateaus, a scenario where gradients vanish exponentially as
quantum circuit depth increases. This challenge arises because the
exponentially growing quantum state space, combined with random
initialization of quantum circuits that can lead to landscapes where
gradients are vanishingly small.

Overall, the exploration of quantum-enhanced neural network ar-
chitectures demonstrated substantial promises for improving hydro-
logical simulation. Although, the realization of quantum computing
application in hydrological simulation necessitates overcoming signifi-
cant quantum computational challenges, including hardware limita-
tions, optimization complexities, and computational scalability. Future
research focusing on quantum algorithm refinement, quantum hardware
advancements, and hybrid quantum-classical integration is crucial to
unlock the full potential of quantum-enhanced neural networks for
various hydrological applications. This approach will enable more effi-
cient and powerful solutions for complex hydrological simulation
problems that are currently intractable for classical neural networks.
Integrating these quantum algorithms into HydroQuantum Python
package, streamlines quantum computing development for hydrologic
simulations. HydroQuantum allows developers to leverage quantum
algorithms for hydrological simulations, making quantum computing
more accessible for hydrological applications. HydroQuantum package
is anticipated to significantly enhance the efficiency, scalability, and
performance of quantum-driven hydrological simulation.
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