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Abstract

This paper advances machine learning (ML)-based streamflow prediction by strategically
selecting rainfall events, introducing a new loss function, and addressing rainfall forecast
uncertainties. Focusing on the Iowa River Basin, we applied the stochastic storm transposi-
tion (SST) method to create realistic rainfall events, which were input into a hydrological
model to generate corresponding streamflow data for training and testing deterministic
and probabilistic ML models. Long short-term memory (LSTM) networks were employed
to predict streamflow up to 12 h ahead. An active learning approach was used to identify
the most informative rainfall events, reducing data generation effort. Additionally, we
introduced a novel asymmetric peak loss function to improve peak streamflow prediction
accuracy. Incorporating rainfall forecast uncertainties, our probabilistic LSTM model pro-
vided uncertainty quantification for streamflow predictions. Performance evaluation using
different metrics improved the accuracy and reliability of our models. These contributions
enhance flood forecasting and decision-making while significantly reducing computational
time and costs.

Keywords: hydrology; machine learning; greedy selection; asymmetric peak loss function;
uncertainty quantification; LSTM; probabilistic predictive model

1. Introduction
Streamflow forecasting is fundamental for effective decision-making in hydrology and

water resource management, impacting flood mitigation strategies, watershed conservation,
water supply management, hydropower generation, agricultural development, reservoir
management, and various aspects of integrated water resource management. Nonetheless,
the intricate and ever-changing nature of hydrological systems, often exhibiting nonlinear
behaviors and variability, poses a continuous challenge in achieving precise streamflow pre-
dictions [1–3]. Various models, both process-based and data-driven, have been developed
to tackle this challenge, each with its advantages and limitations [4].

Process-based models, rooted in the principles of hydrology and meteorology, employ
differential equations to describe transport mechanisms in the surface and subsurface of a
watershed [5–7]. These models have the advantage of modeling complex physical interac-
tions, including water exchanges with the atmosphere and the movement of water in rivers
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and lakes [8]. However, they require extensive parameterization, high-quality input data,
and significant computational resources, making them complex and sometimes impractical
for large-scale or real-time applications. On the other hand, data-driven models capture
statistical dependencies between explanatory inputs and response outputs, bypassing the
need for explicit governing equations of the system [3,9]. These models are computationally
efficient, adaptable to different conditions, and capable of capturing nonlinear relationships
that may be oversimplified in process-based approaches. However, they may suffer from
overfitting, data quality issues, and a lack of physical interpretability.

Specifically, the advent of machine learning (ML) and artificial intelligence (AI) has
revolutionized the field of hydrology, particularly in streamflow forecasting, by offering new
possibilities through enhanced computational capabilities and innovative algorithms. Tradi-
tional ML techniques, such as support vector machines (SVMs) and linear regression, have been
employed in streamflow forecasting, achieving varying degrees of success [10,11]. However, re-
cent breakthroughs in deep learning (DL), particularly the development of long short-term
memory (LSTM) networks—a subset of recurrent neural networks (RNNs)—have shown
great promise in capturing the temporal dependencies and complex patterns inherent in
hydrological data.

Building on these advances, this study employs an LSTM-based architecture for
streamflow forecasting. We acknowledge that the gated recurrent unit (GRU) offers a
simpler architecture with fewer parameters, and Transformer-based models have shown
strong performance in recent sequence modeling applications. However, compared to
LSTMs, GRUs are less effective on complex tasks, while Transformers require substantially
higher computational resources [12,13].

Many studies have shown that LSTM models often perform better than both traditional
process-based and ML models in predicting streamflow [14–22]. For instance, Kratzert
et al. [14] successfully employed an LSTM model for daily runoff prediction by incor-
porating meteorological data as input, demonstrating that these models outperformed
process-based models in certain scenarios. Xiang et al. [15] proposed a sequence-to-
sequence (seq2seq) model and demonstrated that this model surpasses traditional ML
methods like linear regression, lasso regression, and ridge regression in terms of predictive
accuracy and various other performance measures.

Hunt et al. [19] employed an LSTM model to predict streamflow at 10 river gauging
stations across various climatic regions of the western United States, training it with
meteorological and hydrological data. Their findings indicate that employing LSTM
for medium-range streamflow forecasting outperforms traditional process-based models.
Moreover, research conducted by Arsenault et al. [20] demonstrated that LSTM models
exceeded the performance of traditional hydrological models in comprehensive evaluations
across over 148 North American basins. Chen et al. [21] conducted a study employing
a hybrid approach that integrated the soil water assessment tool (SWAT) with LSTM in
ungauged and poorly gauged watersheds. They used SWAT to produce an extended
data series of watershed processes, which, along with climatic data, served as inputs for
the LSTM model. Their results demonstrate that this integration significantly improved
the reliability and accuracy of streamflow simulations, outperforming the default SWAT
simulations in these challenging watershed conditions. Moreover, Tursun et al. [22]
performed streamflow analyses in 40 catchment areas within the Yellow River Basin,
revealing that LSTM-based models hold considerable promise for accurately modeling
river flow in arid regions affected by human interventions. These studies further affirm the
robust capabilities of LSTM networks in challenging hydrological applications.

Despite all the advancements, significant challenges persist in streamflow forecast-
ing using ML/DL models. Developing a robust model generally requires a substantial
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number of data samples. Furthermore, ML models that rely on traditional loss functions
struggle to accurately predict peak streamflow events [14], which are usually driven by
complex interactions among various factors, such as extreme weather conditions, rapid
snow melt, and land use changes. These models often fail to capture the complexities
involved, posing significant challenges in hydrological contexts where precise prediction of
peak values is critical for effective flood risk mitigation, emergency responses, and water
resource management.

Another critical limitation of these models is their inability to account for the uncer-
tainties inherent in hydrological variables (e.g., rainfall) [23]. They offer point estimates
of streamflow values that overlook these uncertainties or errors and fail to convey the
associated uncertainty in predictions, potentially leading to less reliable streamflow fore-
casts [24]. This uncertainty is often expressed using prediction intervals or probabilistic
distributions. Significant research in hydrology has focused on developing methods to
quantify and represent such uncertainties within conventional modeling approaches [25,26].
A comparable level of dedication is needed to adapt these methodologies for DL mod-
els like LSTM. A variety of methods exist to assess prediction uncertainty. Most rely on
enhancing a deterministic model with an additional uncertainty quantification compo-
nent. Among these, ensemble-based modeling is particularly common, where outputs
from multiple ensemble members are combined—using equal or weighted averaging—to
approximate the probability distribution of the predicted variable [27,28]. Other commonly
employed approaches encompass pre-processing and post-processing methods, including
those grounded in Bayesian techniques and quantile regression methods [29–31].

To address these challenges, our study aims to introduce several innovative approaches
to enhance the accuracy and reliability of streamflow predictions. Given the complexity of
hydrological processes and the variability of storm events, traditional observation-based
datasets may not always provide sufficient coverage for robust model evaluation. Therefore,
after model calibration, we used datasets generated by process-based models instead of
direct observations as they efficiently cover a broader range of storm event scenarios
compared to USGS observations. This approach ensured that our models were tested
under diverse conditions, including extreme events that might be underrepresented in
observational records. Additionally, process-based models allowed for a more controlled
and systematic demonstration of the proposed approaches, facilitating a comprehensive
assessment of their performance and generalizability.

Firstly, to identify the most informative rainfall events and reduce the computational
cost and time associated with hydrological simulations for data generation, we employed
an active learning (AL) technique. While our previous study [32] preliminarily investigated
the effect of training set size on ML model performance, it relied on randomly selecting
storm events to generate training sets of varying sizes. The AL-based selection strategy
used in this study advances our previous work, demonstrating a clear advantage over the
random selection of rainfall events in our experiments.

Second, we proposed a novel asymmetric loss function designed to capture peak
streamflow events more accurately. This approach improved the model’s ability to predict
high-flow values, addressing a critical aspect of hydrological forecasting where symmetric
loss functions might fall short. Compared to the pinball loss (PL) function [30], an available
asymmetric loss function, the developed loss function yielded better performance from the
ML predictive model.

Finally, we developed a probabilistic LSTM (PLSTM) model that integrates rainfall
forecast uncertainties, providing a range of probable streamflow outcomes rather than a sin-
gle deterministic output. Differing from other studies that used ensemble methods [27,28],
Bayesian techniques [29,31], and quantile regression [30], our PLSTM probabilistic model-
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ing technique uses negative log-likelihood (NLL) to quantify uncertainty directly during
model training. Using this technique, the model estimates prediction uncertainty without
the need for ensemble methods or Bayesian techniques, offering an efficient yet reliable
solution for streamflow predictions. Unlike most existing studies, which assume deter-
ministic and accurate rainfall forecasts, this approach advances by incorporating rainfall
forecast errors into the training data, capturing both the expected value and the associated
uncertainty of streamflow predictions. This methodology aligns with and extends the
current state of the art by applying probabilistic techniques within DL frameworks to
address uncertainty in hydrological modeling.

Through these approaches, our goal is to redefine the benchmarks for streamflow
forecasting by integrating advanced ML methods with deep hydrological understanding,
thereby enhancing the precision and practical applicability of predictions for flood early
warning systems, reservoir operation, and other strategic planning.

The remainder of this paper is organized as follows: Section 2 presents a description of
the study area, outlines the process-based modeling framework, and details the calibration
procedure. Section 3 describes the data generation, including rainfall event selection
and dataset creation. Section 4 introduces the LSTM-based encoder–decoder model for
deterministic streamflow prediction and demonstrates the advantage of greedy rainfall
event selection. Section 5 presents a novel loss function designed to emphasize peak
streamflow prediction. Section 6 incorporates rainfall forecasting errors into the training
data and develops a probabilistic LSTM model for quantifying uncertainty in streamflow
predictions. Finally, Section 7 concludes the paper.

2. Hydrological Model
2.1. Iowa River Basin

The focus area of this study encompasses the Iowa River Basin and its internal river
network. Located in the central and eastern regions of Iowa, the Iowa River Basin drains an
area of roughly 11,140 km2 before reaching Columbus Junction. The basin is continuously
monitored by more than 20 USGS gauging stations. Over the last twenty years, this
region has experienced a series of recurrent flood events, resulting in significant damage
to individuals, agricultural activities, and infrastructure across different scales. In 2008,
a substantial flood event impacted 86 counties in Iowa, leading to its designation as a
federal disaster zone. This event incurred costs totaling USD 11 billion in damages and
affected over 41,000 individuals [33]. Figure 1 depicts the Iowa River Basin along with the
locations of the USGS stations.

Figure 1. Iowa River Basin: locations of the USGS stream gauges and Coralville Reservoir.

A part of the Iowa River is regulated by the Coralville Dam within this basin, as in-
dicated by its position in Figure 1. The dam has been operational since 1959, and it is an
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earthfill dam spanning 426 m in length and standing 30 m tall. It creates the Coralville
Reservoir on the Iowa River, situated 134 km upstream from its merging point with the
Mississippi River and 8 km above Iowa City, IA. The main objective of this dam is to
manage flood risks for regions along the Iowa River [34]. Above the dam, the Iowa River
receives drainage from approximately 8068 km2, primarily consisting of agricultural lands.
Additionally, about 3052 km2 of drainage areas from the dam location to Columbus Junction
flow downstream, eventually reaching the Mississippi River.

2.2. Semi-Distributed HEC-HMS Hydrological Model

To simulate the rainfall–runoff transformation process in the basin, the semi-
distributed event-based hydrologic modeling system (HEC-HMS) was employed [35].
Specifically, after delineating the Iowa River Basin using a 30-meter-resolution digital ele-
vation model (DEM) and identifying the river network, rainfall data as a time series for
each subbasin was fed into the model. The rainfall loss through infiltration was estimated
using the Soil Conservation Service-Curve Number (SCS-CN) method [35]. This method
calculates the direct runoff depth, denoted as Pe (mm)

Pe =
(P − Ia)2

P − Ia + S
(1)

where P is the accumulated rainfall depth (mm), and S represents the potential maximum
retention (mm), linked to curve number (CN). Additionally, Ia denotes the initial abstraction
(mm), which can be expressed as a function of S (Ia = 0.2S). The model inputs consist of
Ia, CN, and the percentage of impervious area (no loss calculations are conducted on the
impervious areas) [35].

The standard Clark Unit Hydrograph method [35] was employed to simulate runoff
routing within the basin. The parameters essential for this transformation include the
time of concentration, defined as the time needed for excess rainfall to travel from the
most hydraulically remote point in the basin to the outlet, and the storage coefficient,
which represents the attenuation resulting from storage effects throughout a basin. These
parameters were calculated based on the physical properties of the basin. The recession
method was also employed for determining the baseflow [35]. The parameters required
for the recession method include the initial baseflow at the start of the simulation and the
recession constant. The initial baseflow was specified using the discharge rate method,
following the guidelines outlined in the HEC-HMS technical manual [35]. The recession
constant was initially selected within the recommended range of 0.3–0.8 for each subbasin
and was subsequently refined through model calibration to improve agreement with
observed hydrographs.

Finally, the simulation of flood routing along natural channels was conducted using the
Muskingum routing method [35]. This method uses the principle of conservation of mass
to estimate the outflow hydrograph from the channel. Muskingum routing requires several
parameters, including the Muskingum K parameter (representing travel time through a
reach), the dimensionless coefficient X (ranging from 0.0 to 0.5, 0 for maximum attenuation
and 0.5 for no attenuation), and the number of sub-reaches that can be calculated by
dividing the Muskingum K parameter by the simulation time step.

The simulation of routing from a reservoir is also integrated within the HEC-HMS
model through different methods: outflow structure routing, outflow curve routing,
and specified release routing [35]. We utilized the outflow structure routing method.
A dam reservoir was defined by the elevation–storage curve and by a specification of an
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outlet. The outlet was defined by an inlet control with the discharge flowing out from the
outlet when it is submerged, expressed as follows:

Qc = AcCd
√

2gh (2)

(where Qc is the outlet discharge (cms), Ac represents the cross-sectional area of the outlet
(m2), which is circular with a diameter of 7 m in Coralville Dam [34], Cd denotes the
discharge coefficient (equal to 0.8), g is the gravitational acceleration (9.81 m/s2), and h
stands for the total water head (m).

2.3. Model Calibration

The HEC-HMS model was calibrated using a single flood event that took place from 8
to 28 June 2008 within the study area. Hourly temporal resolution data from this event were
utilized in the calibration process. This calibration involved providing streamflow observa-
tions obtained from USGS streamflow data at the outlet of each subbasin, corresponding to
the locations of the stream gauges defined in Figure 1. For model calibration downstream of
the Coralville Dam, streamflow data observed at a USGS station immediately downstream
of the dam were used. This data included releases from the Coralville Dam, which were
used as boundary conditions for the model in the downstream subbasin. In the calibration
of the model, we considered statistical metrics such as the Nash–Sutcliffe efficiency (NSE),
root mean squared error ratio (RSR), and percent bias (PBIAS), as formulated below.

NSE = 1 − ∑N
i=1(Oi − yi)

2

∑N
i=1(Oi − Ō)2

(3)

RSR =
RMSE

σo
=

√
∑N

i=1(Oi − yi)2√
∑N

i=1(Oi − Ō)2
(4)

PBIAS =
∑N

i=1(Oi − yi)× 100

∑N
i=1 Oi

(5)

where Oi is the observed value, yi is the simulated value, Ō is the average of observed values,
σo is the standard deviation of observed values, and N is the total number of observations.

In general, model simulation can be judged as satisfactory if NSE > 0.50, RSR ≤ 0.70,
and PBIAS is within ±25% for streamflow [36]. Table 1 presents the statistical metrics
obtained after calibrating the HEC-HMS model for the study area. A peak streamflow
is defined as a normalized streamflow value greater than 0.45, where the normalized
streamflow is calculated by dividing the observed streamflow by the maximum streamflow
recorded during the event. To further validate the calibrated model, we applied it to a
distinct event that occurred from 26 April to 14 May 2013 within the studied basin. Table 2
presents the calculated metrics, all of which fall within these acceptable ranges. Therefore,
the model was well-configured and ready for simulating flood hydrographs.

Table 1. Performance evaluation of the HEC-HMS model for the 8–28 June 2008 calibration event.

Gauge
Station NSE RSR PBIAS (%) NSE (Peak) RSR (Peak) PBIAS (Peak)

(%)

Rowan 0.90 0.30 −1.72 0.57 0.60 −1.40
Marshalltown 0.73 0.50 5.51 0.63 0.64 5.51

Marengo 0.87 0.40 4.23 0.75 0.53 3.50
Iowa City 0.96 0.20 −3.49 0.96 0.20 −3.22
Lone Tree 0.89 0.30 0.20 0.84 0.39 0.17
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Table 2. Performance evaluation of the HEC-HMS model validated for the 26 April–14 May 2013 event.

Gauge
Station NSE RSR PBIAS (%) NSE (Peak) RSR (Peak) PBIAS (Peak)

(%)

Rowan 0.68 0.6 −8.72 0.54 0.72 −8.2
Marshalltown 0.64 0.6 −10.48 0.48 0.68 −9.82

Marengo 0.71 0.5 9.23 0.68 0.6 8.72
Iowa City 0.91 0.4 −5.36 0.90 0.4 −4.95
Lone Tree 0.62 0.6 6.30 0.47 0.78 5.64

3. Data Generation
3.1. Rainfall Event Generation

The stochastic storm transposition (SST) method [32] was utilized to create synthetic
rainfall events that realistically represent the spatial and temporal variability in the study
region. This approach extends the duration of extreme rainfall scenarios at a given loca-
tion by transposing rainfall patterns from nearby areas exhibiting comparable extreme
rainfall behavior.

The rainfall data for this study was generated using RainyDay [37], an open-source
Python-based software available from the Hydroclimate Extremes Group (https://github.
com/HydroclimateExtremesGroup/RainyDay, accessed on 20 September 2025). RainyDay
integrates gridded rainfall data with the SST framework. The RainyDay implementation
of the SST approach involves five primary stages: (1) define a transposition domain (AD)
that encompasses the target area (Aw). It is recommended that the AD be at least four
times larger than Aw [37]; (2) identify m temporally independent storms within AD using n
years of rainfall records. These storms are extracted based on accumulated rainfall over
a duration t, with spatial characteristics (size, shape, and orientation) aligned to AD to
construct a “storm catalog”; (3) specify the number of storms per year, k, determined either
via a Poisson distribution or an empirical distribution; (4) randomly sample k storms from
the catalog; and (5) repeat steps 3 and 4 for a designated number of simulation years, Tmax,
to produce Tmax years of t-hour synthetic annual rainfall maxima for Aw.

For the present study, gridded Stage IV rainfall data spanning from 2002 to 2021,
featuring a temporal resolution of 1 h and a spatial resolution of 4 km, were utilized to
construct a storm catalog for spatiotemporal resampling. The AD covered 95.36–90.11° W
and 40.23–44.73° N. This extent is approximately four times larger than the study area,
consistent with the recommendation. The storm catalog included the 200 highest-intensity
rainfall events identified within the defined domain, which was considered sufficient to
represent the basin’s hydrometeorological variability while maintaining computational
efficiency for subsequent simulations. These extreme events were selected based on 72-h
rainfall accumulations evaluated over regions matching the Iowa River Basin in both size
and shape. The random variable k was modeled using a Poisson distribution with a rate
parameter (λ = 10), calculated as the ratio of the total number of cataloged events to the
number of years in the rainfall record.

In this study, the Iowa River Basin was divided into five subbasins before the Lone
Tree, as illustrated in Figure 1. These subbasins were selected based on the presence of
USGS gauge stations along the river’s mainstream and the availability of data at those
stations. Subsequently, the average rainfall time series for each subbasin was determined
using zonal averaging.

https://github.com/HydroclimateExtremesGroup/RainyDay
https://github.com/HydroclimateExtremesGroup/RainyDay
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3.2. Greedy Event Selection

While using the SST facilitates the generation of a wide range of rainfall events,
enhancing both the diversity and duration of extreme precipitation, obtaining the corre-
sponding streamflow responses necessitates hydrologic simulations. These simulations are
computationally intensive and time-consuming, rendering the large-scale generation of
rainfall–runoff events impractical. Moreover, random selection of rainfall events proves
inefficient, often resulting in redundant or uninformative events to generate data that con-
tribute minimally to model improvement. To address this limitation, active learning (AL)
for regression offers a promising solution by reducing the number of required simulations
through the strategic selection of the most informative rainfall events [38].

This paper focuses on pool-based AL [39], in which a pool of 200 rainfall events
randomly generated using RainyDay is considered. The objective is to select a subset
of these events for hydrological simulations to generate data, aiming to train an LSTM
model that can provide highly accurate streamflow estimates for the remaining events.
In contrast to the extensive literature on AL for classification problems, there are only a few
approaches available for pool-based AL for regression [38–40]. The greedy sampling (GS)
approach represents one of them. Several variants of GS have been proposed, including
greedy sampling based on inputs (GSx), outputs (GSy), and a combination of both inputs
and outputs (iGS), as outlined by Wu et al. [38].

In this study, we adopted the idea of GSx to enable a more informed and systematic
selection of rainfall events. The GSx algorithm selects rainfall events from the pool of N
events iteratively, assuming the pool with rainfall events represented by {En}N

n=1, where
En is a 72-dimensional vector corresponding to hourly rainfall values. Initially, GSx chooses
the event closest to the centroid of all rainfall events as the first one, ensuring initial
representativeness. Following this, each subsequent selection identifies the event with the
maximum shortest Euclidean distance to previously chosen events, promoting diversity
among the selected events. The goal is to guarantee that the selected events accurately
represent the overall event distribution. Mathematically, the Euclidean distance between a
candidate event En and each previously selected event Em is calculated by Equation (6),
where M is the total number of rainfall events that have been selected.

dnm = ∥En − Em∥ m = 1, . . . , M and En ̸= Em (6)

Then, the shortest distance is calculated for each candidate (dn = minm(dnm)). Sub-
sequently, the event with the maximum dn is selected. Notably, the Euclidean distances
computed using Equation (6) reflect differences among these rainfall patterns.

3.3. Data Generation Process

The goal of the greedy rainfall event selection using active learning was to ensure a
diverse and representative subset of events within the overall event space. The selected
rainfall events were subsequently fed into the HEC-HMS hydrological model, which was
executed at an hourly temporal resolution. This process generated hourly streamflow data
at computational points corresponding to USGS station locations in the Iowa River Basin.
The rainfall events were simulated sequentially, with each simulation spanning 20 days,
during which rainfall occurred in the first 72 h. Additionally, we assumed that the dam’s
gates were fully open, with no initial water storage behind the dam.

In this study, we used datasets generated from the HEC-HMS model to train and eval-
uate LSTM models for streamflow prediction at the USGS station in Iowa City. The datasets
consisted of two time-series features: rainfall and streamflow. The rainfall feature includes
both historical and forecasted data. It consisted of hourly rainfall data from the subbasin
covering Iowa City, with a total length of th + t f , where th represents the number of past
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timesteps and t f represents the maximum number of future timesteps. The streamflow
feature consisted solely of historical data with a length of th. The ML models were designed
to predict future streamflow with lead times up to t f . For this study, we set th = 60 h and
t f = 12 h.

Each simulation of an individual rainfall event generated 480 data samples. By strate-
gically selecting 20, 30, and 40 rainfall events through AL from a pool of 200, we generated
three training datasets containing 9600, 14,400, and 19,200 samples, respectively. We refer
to these training datasets as the 20-event, 30-event, and 40-event datasets. To create a test
set, we randomly generated 20 additional rainfall events outside the original pool of 200,
resulting in 9600 samples for model evaluation in this study.

4. Streamflow Prediction
This section presents the deterministic LSTM model developed for streamflow fore-

casting. We investigated the effect of training set size, generated through AL via the greedy
selection of rainfall events.

4.1. LSTM-Based Encoder–Decoder

To manage sequential inputs and address issues such as exploding or vanishing
gradients commonly encountered in traditional RNNs, LSTMs have been developed
and extensively utilized across various fields [41]. In recent years, the domain of
streamflow forecasting has also witnessed the application of LSTM models in different
studies [14,15,20,42].

Figure 2 illustrates the basic architecture of an LSTM unit. Each LSTM unit typically
has three gates: forget gate, input gate, and output gate. In the LSTM model, each time step
comprises a specific component known as the cell state (C). The cell state preserves and
conveys information pertinent to long-term memory within the model. The input sequence
is presented as X, and the output is presented as h.

Figure 2. LSTM unit structure for the time step t to t + 1.

LSTM cells update six parameters per time step. Equations (7) to (12) present the
details of the six parameters. The first parameter for each cell, which governs the degree
to which the previous cell state should be forgotten, is the forget gate parameter ft. In the
given equations, weights are denoted by (W), and biases are denoted by (b). The input
gate serves as the second parameter in an LSTM cell, playing a crucial role in deciding
the new information to be added or retained in the cell state. C̄t represents the candidate
values for the new cell state. Subsequently, the cell state Ct is updated. Finally, the output
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parameter Ot is computed. The final gate is the output gate, which governs the extraction
of information from the cell state and subsequently determines the current step ht.

ft = σ (W f .[ht−1, Xt ] + b f ) (7)

it = σ (Wi.[ht−1, Xt ] + bi) (8)

C̄t = tanh (WC.[ht−1, Xt ] + bC) (9)

Ct = ft ∗ Ct−1 + it ∗ C̄t (10)

Ot = σ (WO.[ht−1, Xt ] + bO) (11)

ht = Ot ∗ tanh Ct (12)

LSTM can address the issue of long-term dependencies, yet it is constrained by the
requirement of having the same time steps for both input and output. Nonetheless, in con-
texts such as streamflow forecasting, as detailed in this paper, it is essential to include not
just the rainfall data at the time steps we aim to predict but also the rainfall information
from preceding hours. To address this issue, Sutskever et al. [43] introduced a neural
network architecture known as encoder–decoder, enabling the model to operate with vary-
ing input and output time steps. As shown in Figure 3, the encoder LSTM for historical
streamflow data in this study with th time steps produces a final output hth , which is stored
in a cell called the state vector. This state vector is then utilized as input for the decoder
LSTM, which operates with t f time steps.

Figure 3. LSTM-based encoder–decoder model structure with th time step input and t f time step output.

4.2. Model Design

In this study, we developed an LSTM-based encoder–decoder model, as illustrated in
Figure 4, for hourly streamflow predictions up to 12 h into the future. The input features
include historical and forecasted rainfall data as well as historical streamflow data. In this
model framework, input time series are processed separately due to variations in their
lengths. The first LSTM encoder for the historical streamflow data has a length of th = 60,
and the second LSTM encoder for the historical and forecasted rainfall data has a length of
th + t f = 72. In this section, we assume that future rainfall can be accurately forecasted.
Later, in Section 6, we will account for rainfall forecast errors or uncertainties. Following the
LSTM-based encoder–decoder architecture, several dense layers are employed to output
forecasted streamflow for up to t f = 12 h into the future.
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Figure 4. LSTM-based encoder–decoder model for streamflow forecasting.

We predominantly selected default settings and parameters for DL models available
in TensorFlow-Keras. Each LSTM encoder layer contains 256 neurons, and the model
includes a single LSTM decoder layer with 512 neurons. Following the decoder, there are
six dense layers structured for time-series data, with neuron counts decreasing from 512 to 1.
The ReLU activation function (R(y) = max(0, y)) is utilized in all dense layers. During the
training phase, we implemented a dropout rate of 0.2 to mitigate overfitting and promote
a sparse structure within the model. This dropout rate involved randomly deactivating
20 percent of the neural connections between nodes within the dense layers. The proposed
DL model employs the mean squared error (MSE) as the loss function, defined as

MSE =
1
N

N

∑
i=1

(Yi − yi)
2 (13)

where N is the number of samples, and Yi is the predicted value.
We employed the Adaptive Moment Estimation (Adam) optimization algorithm to

minimize the loss function. The optimizer is initialized with a learning rate of 0.0001.
During training, one out of every five instances in the dataset was allocated to the validation
set after applying feature scaling using the MinMaxScaler. In this study, we performed
model training, validation, and testing using Python (version 3.11.9), hosted on a machine
with an Intel Core i7-12700K processor, an NVIDIA GeForce RTX 3070 Ti graphics card,
and 64 GB of RAM.

4.3. Streamflow Prediction: Performance of Deterministic LSTMs

We evaluated the performance of deterministic LSTM models trained on three training
datasets: the 20-event dataset (9600 samples), the 30-event dataset (14,400 samples), and the
40-event dataset (19,200 samples), as described in Section 3.3. An independent test set of
9600 samples was used to ensure a fair evaluation. Each LSTM model was trained following
the procedure outlined in Section 4.2 and evaluated using the NSE metric as presented
before (Equation (3)) with the difference that here we compare the HEC-HMS-simulated
streamflow with the predicted streamflow generated by our developed model. The NSE in
this context is defined as follows:

NSE = 1 − ∑N
i=1 (Yi − yi)

2

∑N
i=1 (yi − ȳi)

2 (14)

where ȳi denotes the average of simulated values.
Additionally, we trained a benchmark model on a larger dataset, referred to as the

200-event dataset, containing 96,000 samples generated from the original pool of 200 rainfall
events. Figures 5 and 6 show the relationships between the LSTM model predictions and
the HEC-HMS-simulated streamflow values on the test set at 1-h and 12-h lead times,
respectively.
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Figure 5. LSTM-predicted streamflow vs. HEC-HMS-simulated streamflow at a 1-h lead time for the
test dataset across models trained with datasets of varying sizes. The red dashed line represents the
1:1 line, indicating perfect agreement.

Figure 5 illustrates that all models trained with different sizes of training sets have high
predictive accuracy, especially for low streamflow values (less than 155 cms). The model
assessment revealed very high NSE values of 0.94 and 0.93 between the predicted and
HEC-HMS-simulated streamflow values from the LSTMs trained on the 200- and 40-event
datasets, respectively. For two other models, trained on 30- and 20-event datasets, al-
though plots show marginally lower NSE scores of 0.90 and 0.88 compared to the earlier
ones, they still remain indicative of a strong correlation. For the predictions with a lead
time of 12 h, Figure 6 depicts the same pattern as in Figure 5. However, the NSE values are
slightly lower than those for the 1-h lead time predictions, with the model trained with the
200-event dataset outperforming the others.

We also calculated the NSEs to assess every LSTM across various lead times, as illus-
trated in Figure 7. Overall, all models achieved NSE values higher than 0.85, demonstrating
strong predictive capabilities. The models performed exceptionally well at shorter lead
times and maintained high accuracy up to 12 h ahead. In this context, the model trained
with the 200-event dataset outperformed the other three models. Although the model
trained with the 40-event dataset did not reach the performance level of the 200-event
model, it still achieved high NSE values across all lead times compared to models trained
with fewer events, indicating its substantial predictive skill.
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Figure 6. LSTM-predicted streamflow vs. HEC-HMS-simulated streamflow at a 12-h lead time for
the test dataset across models trained with datasets of varying sizes.

Figure 7. Performance of LSTM models trained with different training set sizes across all lead times.

These findings suggest that, while the 200-event dataset yields the highest accuracy,
the 40-event dataset offers a practical alternative, striking an optimal balance between
performance and training efficiency. It provides sufficient data for effective training without
overfitting and leads to better generalization and predictive performance. Consequently,
the 40-event training set has been selected for further model improvement and analysis.
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5. Streamflow Prediction with Emphasizing Peak Values
This section introduces two distinct loss functions designed to improve the perfor-

mance of LSTMs in accurately capturing high streamflow values during peak flow events.
Traditional loss functions, such as MSE, often struggle to emphasize extreme values, leading
to the underestimation of peak flows. To address this limitation, we propose loss functions
that prioritize high streamflow values, enhancing the model’s ability to learn and predict
extreme hydrological events more effectively.

5.1. Proposed LSTMs to Capture Higher Streamflow Values

In Figures 5 and 6, noticeable underestimations can be observed at higher streamflow
values, a common issue in ML-based streamflow predictions when using MSE as a loss
function [44]. Considering high streamflow values (>155 cms) only in the test set, the NSE
could be as low as −0.90, meaning that the model prediction was worse than simply using
the average value. This suggests that, while the overall accuracy was high, the ML model
struggled with predicting higher streamflow values.

The MSE, as a symmetric loss function, treats all errors equally and emphasizes reduc-
ing the average error. This can disproportionately penalize larger errors, leading the model
to prioritize minimizing errors for more frequent low streamflow values and potentially
underestimate peak streamflow events. This underestimation is problematic in hydrological
applications where accurately predicting peak values is crucial for flood warning systems
and water resource management. To address this limitation, we introduce two asymmetric
loss functions for our LSTM model to better capture higher streamflow values.

In contrast to symmetric loss functions, asymmetric loss functions are designed to
handle cases where overestimations and underestimations have different consequences,
thus assigning different penalties to these errors. This can improve the models’ ability
to predict higher values. This concept is rooted in several well-established practices,
particularly in fields like economics, finance, and the power and energy sectors [45–48].
However, in the realm of hydrological forecasting, there are relatively fewer studies on this
subject. We will highlight these studies in the following subsections.

5.1.1. LSTM with a Pinball Loss Function

When dealing with scenarios where the distribution of the target variable (the stream-
flow hydrograph) is non-Gaussian or skewed, the PL, also known as the quantile regression
loss, can be used as an alternative [49]. This loss function assigns penalties to errors de-
pending on the selected quantile. In the field of streamflow forecasting, the PL has been
utilized in a limited number of studies within probabilistic frameworks for estimating
the conditional quantiles of streamflow forecasts [30,50,51]. However, in our specific case,
we have used the PL in a deterministic LSTM framework with the goal of enhancing
the model’s ability to predict peak streamflow events more accurately. We chose 0.8 and
0.9 quantiles, focusing on the upper end of the distribution to penalize underestimations.
The PL function for a given quantile is defined as

PL(y, Y) =
1
N

N

∑
i=1

(q · (yi − Yi) · 1(yi > Yi) + (1 − q) · (Yi − yi) · 1(yi ≤ Yi)) (15)

where 1(·) is the indicator function, which is 1 if the condition inside the parentheses is
true and 0 otherwise. q is the selected quantile. If choosing the 0.8 quantile (q = 0.8),
this function penalizes underestimations Yi < yi much more heavily than overestimations
Yi > yi, with weights of 0.8 and 0.2, respectively.

Figure 8 shows the performance of LSTM models using two different loss functions:
PL and MSE. The comparisons are conducted for two different quantiles (0.8 and 0.9) and



Appl. Sci. 2025, 15, 11656 15 of 26

two different lead times (1 h and 12 h). Also, Table 3 presents the performance metrics for
the entire test set, as well as for instances where the simulated streamflow values were
higher than 155 cms. As we can see, in the case of q = 0.9, the model shows better overall
performance (higher NSE) in capturing the variance of the simulated streamflow, with
minimal scatter at the lead time of 1 h, particularly at higher streamflow values compared
to MSE and PL with q = 0.8. This interpretation is consistent with the lead time of 12 h.
However, as in Table 3, for streamflow values higher than 155 cms, the negative NSE
values for a lead time of 12 h indicate that even the model with PL (q = 0.9) has difficulty
capturing these values at longer lead times.

Figure 8. Performance of LSTMs using PL and MSE loss functions on the test set at 1-h (left plots)
and 12-h lead times (right plots). The upper plots correspond to PL with q = 0.8, and the lower plots
correspond to q = 0.9. The red dashed line represents the 1:1 line, indicating perfect agreement.

Table 3. Performance of LSTMs with PL and MSE loss functions at different lead times.

Loss Function Lead Time (Hour) NSE NSE
(yi > 155 (cms))

PL (q = 0.8) 1 0.96 0.14
PL (q = 0.9) 1 0.98 0.82
MSE 1 0.93 0.12
PL (q = 0.8) 12 0.89 −1.33
PL (q = 0.9) 12 0.91 −0.91
MSE 12 0.88 −0.90
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5.1.2. LSTM with an Asymmetric Peak Loss Function

We demonstrated that the PL function did not perform well in predicting high stream-
flow values at longer lead times. In this section, we developed an alternative approach,
focusing more on improving the accuracy of peak value predictions. Our approach com-
bined traditional loss functions (MSE) with additional terms that emphasize higher values.
Specifically, we modified the MSE to be asymmetric by incorporating an additional penalty
for errors when the simulated streamflow exceeds a certain threshold.

To implement this idea, we defined a peak threshold (T) and an asymmetry factor (F)
in the new loss function and adjusted them to best suit our data and prediction goals. We
named our implementation of this asymmetric loss function asymmetric peak (AP), which
is defined as follows:

AP(y, Y) =
1
N

N

∑
i=1

(yi − Yi)
2 +

1
N

N

∑
i=1

(yi − Yi)
2 · F · 1(yi > T) · 1(yi > Yi) (16)

where T = 0.45 (normalized streamflow equal to 155 cms) and F = 3.0 were chosen based
on model tuning.

Figure 9 shows the prediction performance of LSTM with the proposed loss function
compared to the ones with the conventional MSE at the lead times of 1 h and 12 h. The figure
clearly illustrates that the model with AP captured the higher streamflow values more
effectively at both lead times, aligning with its purpose. Additionally, Table 4, representing
the performance metrics of LSTM models with three different loss functions, highlights the
strength of the LSTM with AP, even at the lead time of 12 h.

Figure 9. Performance of LSTM models using AP and MSE loss functions on the test set at two differ-
ent lead times. The red dashed line represents the 1:1 line, indicating perfect agreement.

Table 4. Performance of LSTM models using AP and MSE loss functions for varying lead times.

Loss Function Lead Time (Hour) NSE NSE (yi > T)

AP 1 0.97 0.76
PL (q = 0.9) 1 0.98 0.82
MSE 1 0.93 0.12
AP 12 0.96 0.62
PL (q = 0.9) 12 0.91 −0.91
MSE 12 0.88 −0.90
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To comprehensively compare the impacts of different loss functions across various lead
times, Figure 10 is presented. It can be concluded that LSTMs with the proposed AP and
the PL (q = 0.9) loss functions outperformed the LSTM model with the conventional MSE
loss function at all lead times. Although the model with the PL loss function performed
slightly better at shorter lead times (up to 3 h), the LSTM model with the proposed AP loss
function demonstrated superior performance overall. In summary, the AP loss function
emerged as the best performer for the LSTM model, consistently achieving high NSE values
across all lead times and proving to be the most reliable choice for long-term predictions.

Figure 10. Performance of LSTM models using different loss functions across various lead times.

6. Streamflow Prediction with Rainfall Forecast Uncertainties
In the above studies, we have assumed that future rainfall forecasts are precise in

our deterministic LSTM. However, this assumption does not hold in real-world applica-
tions, where rainfall forecast uncertainty is both substantial and often the primary source
of uncertainty in streamflow forecasting. To address this issue, we developed a PLSTM
for streamflow forecasting. In our approach, we first used archived rainfall forecast data
along with subsequent actual observations to analyze the errors in rainfall forecasts. This
uncertainty was then integrated into both the training and test datasets to better reflect
real-world forecasting conditions. Utilizing our probabilistic LSTM model, we systemati-
cally quantified the uncertainty in streamflow predictions, extending up to 12 h into the
future. By accounting for forecast uncertainty, our approach enhances the robustness and
reliability of streamflow predictions, ultimately improving the model’s ability to support
early warning systems and flood risk management.

6.1. Rainfall Forecast Error Analysis

We analyzed the errors (uncertainties) in the forecasted rainfall over the next 12 h. To
achieve this, we first obtained archived rainfall forecasts from January to November 2020
for the subbasin encompassing Iowa City from the High-Resolution Rapid Refresh (HRRR)
model. The HRRR, developed by NOAA, is a real-time convection-allowing atmospheric
model with 3-kilometer spatial resolution and hourly updates, initialized on 3-kilometer
grids incorporating radar data assimilation [52]. HRRR produces deterministic forecasts
every hour out to 18 h for the continental United States (CONUS). We also obtained point
observation data for the same period from the Iowa Environmental Mesonet [53]. Figure 11
illustrates the time series of 1 h into future rainfall forecasts versus the observed rainfall
(top plot) at the Iowa City weather station. The corresponding time series of errors during
the same period is also presented in Figure 11 (bottom plot).
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Figure 11. Time series of observed and forecasted rainfall (top plot) and forecast errors (bottom plot)
from January to November 2020 at a 1-h lead time.

We defined errors as the difference between observed and forecasted rainfall, with neg-
ative errors indicating overestimations and positive errors implying underestimations.
Although we have presented the results for just one-hour-ahead forecasts in this section, it
is important to highlight that the average errors increased with lead times from 1 h to 12 h
into the future.

We then stratified the observed rainfall values into five categories: no rainfall
(rainfall = 0 (mm/hour), 6525 data points); light (0 < rainfall < 1, 593 data points);
moderate (1 ≤ rainfall < 5, 137 data points); heavy (5 ≤ rainfall < 10, 27 data points); and
very heavy (rainfall ≥ 10, 14 data points). Subsequently, we fitted a distribution to the
corresponding errors in each rainfall category. Figure 12 depicts the histogram of the errors
and the fitted distributions for defined categories at the lead time of 1 h. It can be observed
that underforecasting consistently occurs for heavy and very heavy rainfall.

Across all lead times up to 12 h, the best-fit probability distributions for the first
three categories were normal distributions, whereas the “very heavy” category was best
represented by a uniform distribution. For the fourth category, i.e., “heavy”, the type
of distribution varied with lead time, with both normal and uniform distributions being
selected accordingly.
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Figure 12. Histograms of rainfall forecast errors and their fitted probability distributions for different
rainfall categories at 1-h lead time. The categories, arranged from top to bottom, are no rainfall, light,
moderate, heavy, and very heavy.

6.2. Probabilistic LSTM

In previous sections, our discussion was centered on deterministic LSTM models,
which provide point estimates of streamflow up to 12 h ahead. These models are limited
in accounting for uncertainties, especially those in rainfall forecasts, and fail to offer
a range of potential outcomes. Presenting a range of plausible scenarios is critical for
informed and risk-aware decision-making. Therefore, advancing to PLSTM models is a
necessary progression to address these constraints, enhancing the robustness and reliability
of streamflow predictions.

We have constructed the PLSTM with NLL as the loss function, which involves training
the model to directly optimize the log-likelihood of the observed data under the predicted
probability distribution. This function’s most general form is presented in Equation (17),
which is minimized during the model training process.

NLL = −
N

∑
i=1

log P(yi|θ) (17)

Here, N is the number of samples, P is the probability density function (PDF) of the
predicted distribution, and θ indicates the parameters of P.

Considering that streamflow values cannot be negative, we opted for the log-normal
distribution. The probability density function of this distribution is defined as

P(yi) =
1

yiσi
√

2π
exp

(
− (ln yi − µi)

2

2σ2
i

)
(18)

where µi is the location parameter, and σi is the scale parameter.
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Our PLSTM model uses the same input features as the deterministic LSTM, with sep-
arate LSTM encoders for historical streamflow and combined historical and forecasted
rainfall inputs. However, in this study, we analyze the errors in rainfall forecasts, as dis-
cussed in Section 6.1, and introduce sampled noise into the rainfall data as input for the
model. The encoder outputs are combined into a unified state vector, which is processed
through an LSTM decoder and dense layers to predict the means and standard deviations
of log-normal distributions, thereby providing confidence intervals for future streamflow
predictions rather than single-point estimates.

This enables the model to capture both the expected values and associated uncertain-
ties, providing confidence intervals rather than single-point estimates. The model closely
follows the standard LSTM setup, but, as we mentioned above, it incorporates the NLL
as the loss function. Additionally, the initial learning rate for the Adam optimizer is set
to 0.0001.

6.3. Performance Evaluation Metrics

To evaluate the forecasts, we used established deterministic and probabilistic metrics
from the hydrological modeling literature [24,51]. Reported metrics pertain to the test set,
which was not used to train the model or tune hyperparameters.

Here, we employed NSE (Equation (14)), where the HEC-HMS-simulated streamflow
is compared with the mean predicted streamflow generated by the PLSTM.

For evaluating probabilistic forecasts, we adopted three metrics: the continuous rank
probability score (CRPS), the prediction interval coverage probability (PICP), and the mean
prediction interval width (MPIW), as described below.

CRPS Equation (19) compares the forecasted and observed cumulative distribution
functions (CDFs), providing a measure of how well the forecasted distribution matches the
actual outcome. CRPS values range from 0 to infinity, with lower values indicating better
prediction accuracy.

CRPS =
1
N

N

∑
i=1

∫ ∞

−∞
(F(Yi)− 1(Yi ≥ yi))

2 dy (19)

In this equation, F(Yi) is the forecasted CDF.
PICP Equation (20) measures the proportion of observed data points that fall within

the predicted intervals. A higher PICP indicates better reliability of the prediction intervals
in capturing the true values. PICP values range from 0 to 1, where 1 indicates that all
observed values fall within their respective prediction intervals.

PICP =
1
N

N

∑
i=1

1(Li ≤ yi ≤ Ui) (20)

Li and Ui represent the lower and upper bounds of the prediction interval, respectively.
MPIW Equation (21) evaluates the average width of prediction intervals. It provides an

indication of the uncertainty in predictions. Narrower intervals suggest higher confidence,
while wider intervals indicate greater uncertainty.

MPIW =
1
N

N

∑
i=1

(Ui − Li) (21)

As discussed so far, the uncertainty in forecasted rainfalls up to 12 h into the future was
integrated into the PLSTM model to output the predicted means and standard deviations
of future streamflow values.
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Figure 13 illustrates the comparison between HEC-HMS-simulated streamflow and
predicted streamflow using the PLSTM model at 1-h and 12-h lead times. Both plots exhibit
a general positive correlation, underscoring the model’s proficiency in capturing streamflow
trends. The shaded regions denote the 95 percent prediction interval, which expands at
higher values of predicted streamflow, indicating increased uncertainty at these levels.

Figure 13. Performance of PLSTM at 1-h and 12-h lead times. Each black dot represents the mean
predicted streamflow from the PLSTM model plotted against the corresponding streamflow simulated
by HEC-HMS. The red dashed line represents the 1:1 line, indicating perfect agreement.

At the 1-h lead time, the model produces relatively narrow prediction intervals,
particularly at lower streamflow values; the majority of the simulated streamflow values
fall within these prediction intervals and closely align with the 1:1 line (red dashed line),
indicating high prediction accuracy and confidence. Heavy rainfall usually leads to high
streamflow. Consequently, prediction intervals widen at high streamflow values due to
larger forecast errors associated with heavy and very heavy rainfall.

Conversely, the 12-h lead time plot reveals broader prediction intervals and a greater
dispersion of data points around the 1:1 line, reflecting the increasing uncertainty associated
with longer-term forecasts. Nonetheless, the prediction intervals continue to encompass a
substantial portion of the simulated values, highlighting the model’s capabilities even at
extended lead times.

Also, Figure 14 presents point-wise predictions for several events in the test set at
both 1-h and 12-h lead times, offering a clear visual assessment of the PLSTM model’s
predictive skill. The model effectively reproduces the shape and timing of streamflow peaks
while maintaining well-calibrated probabilistic forecasts, with the majority of simulated
streamflow values falling within the shaded 95 percent prediction intervals. As expected,
the prediction intervals widen at the 12-h lead time, and discrepancies between the PLSTM
mean predictions and the HEC-HMS-simulated streamflow—particularly around peak
flows—become more pronounced. Overall, these results demonstrate the model’s capability
to reliably capture both the temporal dynamics and predictive uncertainty of streamflow
across diverse hydrologic scenarios and lead times.
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Figure 14. Comparison of streamflow time series from HEC-HMS simulations and PLSTM model
predictions. The upper plot shows results at a 1-h lead time, while the bottom plot corresponds to a
12-h lead time.

Table 5 presents the performance metrics of the PLSTM model for lead times up to 12 h,
complementing the insights from Figures 13 and 14. Note that higher values of NSE and
PICP and lower values of MPIW and CRPS indicate better probabilistic model performance.
The NSE for mean streamflow forecasts decreases from 0.9451 to 0.735 as the lead time
increases from 1 to 12 h, highlighting a decline in predictive accuracy over longer lead
times. The PICP values consistently remain above 0.9789, indicating that the 95 percent
prediction intervals reliably encompass the true streamflow values across all the lead times.
Although there is a slight decrease at longer lead times, the model continues to maintain
good coverage. The MPIW values increase from 24.835 to 26.131 as the lead time extends
from 1 to 12 h. This observed increase in MPIW signifies diminishing confidence in the
model’s predictions as lead time increases.

Table 5. Performance metrics of the PLSTM model at different lead times.

Lead Time
(Hours) NSE PICP MPIW CRPS

1 0.9451 0.9956 24.8358 2.2604
2 0.9289 0.9958 25.574 2.3803
3 0.9182 0.9953 25.1313 2.5248
4 0.9003 0.9937 25.0292 2.7112
5 0.8790 0.9922 25.057 2.9270
6 0.8557 0.9906 25.1636 3.1485
7 0.8325 0.9884 25.3285 3.3621
8 0.8102 0.9864 25.5347 3.5644
9 0.7893 0.9847 25.7526 3.7521
10 0.7704 0.9832 25.9451 3.9245
11 0.7532 0.9809 26.0816 4.0781
12 0.7352 0.9789 26.1311 4.2355
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7. Conclusions and Outlook
This study proposes three advanced ML techniques to enhance data-driven stream-

flow forecasting. First, AL was employed to optimally select rainfall events, minimizing
the efforts of hydrological modeling and simulations required for data generation. The
LSTM trained with 40 selected rainfall events from a pool of 200 randomly generated
events achieved NSE values of 0.93 and 0.88 at 1-h and 12-h lead times, respectively—only
marginally lower (by less than 1% and 5%) than the model trained with all 200 events.
This finding demonstrates that a substantially smaller yet strategically selected training
set can preserve predictive accuracy comparable to that of a fully trained model. Overall,
this approach effectively identified the most informative rainfall events for model training
while markedly reducing computational cost and data generation time.

Secondly, we introduced a novel loss function tailored specifically for peak stream-
flow prediction. By incorporating the developed asymmetric peak (AP) loss function,
the model achieved substantial quantitative improvements over the conventional MSE
loss. At a 1-h lead time, the AP-based model improved the overall NSE from 0.93 to 0.97
(a 4.3% increase) and peak-flow NSE from 0.12 to 0.76—representing more than a sixfold
improvement in capturing high-flow values. Similarly, at a 12-h lead time, the AP loss
enhanced the overall NSE from 0.88 to 0.96 (a 9.1% increase) and peak-flow NSE from –0.90
to 0.62, demonstrating a complete reversal from poor to highly reliable peak predictions.
These findings confirm that AP loss delivers superior skill in capturing high streamflow
values, effectively addressing one of the most critical challenges in hydrological forecasting.
Additionally, the developed loss function outperformed the state-of-the-art PL function
and holds promise for applications in ML models in other domains, such as economics
and finance.

Lastly, we developed and implemented a probabilistic LSTM model that effectively
incorporates rainfall forecast errors into streamflow predictions. The model achieved PICP
higher than 0.97, NSE decreasing from 0.94 to 0.73, CRPS increasing from 2.26 to 4.24,
and MPIW increasing from 24.835 to 26.131 across lead times up to 12 h, offering well-
calibrated uncertainty quantification while maintaining high predictive skill. These con-
tributions collectively improve the accuracy, reliability, and practical utility of streamflow
forecasts, providing valuable insights for decision-making and flood management efforts.

While this research primarily focused on streamflow forecasting, the proposed meth-
ods can be applied to predict crucial variables in various related fields, including meteorol-
ogy (wind speed and precipitation), environmental science (nitrate concentration), water re-
source management (reservoir levels and water demand), and agriculture (evapotranspiration).

In the current study, only one outflow configuration (gates fully open and initially
zero storage) was considered. Building on the strengths of our approach, future research
will explore additional configurations. While rainfall events were limited to 3 days for data
generation in this study, the approach can be easily extended to events of varying lengths.
Additionally, to improve the performance of our PLSTM model at longer lead times, we
are considering investigating the effect of combining NLL and AP loss functions. These
directions aim to refine our models further and enhance their applicability across diverse
scenarios. Furthermore, alternative architectures, such as GRU, CNN, and Transformer
networks, will be explored for comparative analysis and potential model improvement.
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The following abbreviations are used in this manuscript:

ML Machine learning
SST Stochastic storm transposition
LSTM Long short-term memory
AI Artificial intelligence
SVMs Support vector machines
DL Deep learning
RNNs Recurrent neural networks
SWAT Soil water assessment tool
AL Active learning
PL Pinball loss
PLSTM Probabilistic long short-term memory
NLL Negative log-likelihood
HMS Hydrologic modeling system
DEM Digital elevation model
SCS Soil conservation service
CN Curve number
NSE Nash–Sutcliffe efficiency
RSR Root mean squared error ratio
PBIAS Percent bias
GS Greedy sampling
AP Asymmetric peak
CRPS Continuous rank probability score
PICP Prediction interval coverage probability
MPIW Mean prediction interval width
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