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Abstract

Stochastic streamflow synthesis has long been the cornerstone of water resource planning,
enabling the generation of extended hydrological sequences that reflect natural variability
beyond the limitations of observed records. This paper presents a comprehensive review
of the theoretical foundations, methodological advancements, and evolving trends in
synthetic streamflow generation. Historical progression is explored through three distinct
eras: the pre-modern formulation era (pre-1960), the era dominated by autoregressive
models (1960-2000), and the recent period marked by the rise of data-driven AI/ML
approaches. Various modelling paradigms, parametric versus non-parametric, traditional
versus Al-based, and single- versus multi-scale approaches, are critically assessed and
compared with a focus on their applicability across temporal resolutions and hydrological
regimes. This study also categorizes evaluation criteria into four dimensions: preservation
of stochastic characteristics, distributional consistency, error-based metrics, and operational
performance. In addition, the use and impact of transformation techniques (e.g., log or
Box-Cox) employed to normalize streamflow distributions for improved model fidelity
are examined. A bibliometric analysis of over 200 studies highlights the global research
footprint, showing that the United States leads with 70 studies, followed by Canada with
15, reflecting the growing international engagement in the field. The analysis also identifies
the most active journals publishing streamflow synthesis research: Water Resources Research
(50 publications, since 1967), Journal of Hydrology (25 publications, since 1963), and Journal
of the American Water Resources Association (9 publications, since 1974). This review not
only synthesizes past and current practices but also outlines key challenges and future
research directions to advance stochastic hydrology in an era of climatic uncertainty and
data complexity.

Keywords: stochastic streamflow synthesis; autoregressive models; data-driven AI/ML
approaches; traditional models; parametric models; non-parametric models; pattern
recognition techniques; textural image analysis; Box-Cox transformation; stochastic
hydrology

1. Introduction

Streamflow is one of the most important hydrologic phenomena, as both its excess
and scarcity can lead to floods and droughts—natural disasters that can cause significant
damage and even death. This makes it critically important to model, forecast, and synthe-
size streamflow to understand its behaviour, anticipate extremes, and support effective
water resource management. Towards achieving the foregoing challenges, researchers have
developed a wide range of models—from simple regression-based techniques to advanced
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machine learning and deep learning approaches. In this section, the fundamental proper-
ties of streamflow are first explored. Following this, a historical overview of streamflow
synthesis approaches is presented.

1.1. Understanding the Principles of Streamflow Synthesis

Any phenomenon that undergoes continuous changes over time is considered a
process. Hydrologic phenomena, such as precipitation, infiltration, evaporation, and
runoff (or streamflow), are dynamic and complex, influenced by natural factors (e.g.,
climate, topography, vegetation), anthropogenic activities (e.g., land use changes, water
extraction, urbanization), and unknown physical interactions. This inherent complexity
makes hydrologic phenomena stochastic rather than deterministic ([1,2]).

Moreover, hydrological processes are continuous in nature. However, to measure,
study and model these processes effectively, they are treated as discrete, which means that
they are discretized into specific time intervals (e.g., hourly, daily, or monthly) for practical
reasons. In this context, the discrete time intervals between successive observations make
them a time series [3-6].

In the study of streamflow as a stochastic time series, the choice of time interval is crucial
and can vary between daily, weekly, monthly, or annual observations. This discrete time
interval should be determined based on the specific objectives and requirements of the
hydrologic project. For example, in the design of drainage structures, the hourly streamflow
might be more appropriate, while in long-term water resource management, monthly or
annual data can be used. Each of these types of data sets has different behaviour; for
instance, annual series tend to lack visible cycles due to aggregation, while monthly series
typically show seasonal patterns. Daily streamflow series, in contrast, are characterized by
rapid peaks and sharp recessions, reflecting short-term hydrologic dynamics. In general,
shorter interval series are more complex and challenging to model, whereas longer interval
series (e.g., annual) simplify the modelling and parameter estimation process [2,7,8].

Hydrologic time series can be categorized as either historical, derived from measure-
ments or observations at specific time intervals, or synthesized, generated with a specific
objective of applying them in water resource system planning, design, and operations,
commonly referred to as operational hydrology [2,9,10]. The synthesized realizations carry the
information from historical time series and are designed to mimic pre-specified properties
derived from historical data [11,12].

From a simple perspective, each synthesized realization of streamflow could represent
a series of events that occurred before the actual measurements began, since historical data
has only been recorded for almost a century, but the hydrologic processes were already at
work for thousands of years before the formal recording started. This means that a severe
flood recorded in the historical data might not be the worst ever flood that has occurred,
and similarly, the worst recorded drought might not be the most extreme [11,13,14]. The
most severe events, those not recorded in the historical data, might still occur in the future.
This broader set of possible but unobserved outcomes is referred to as the population, the full
range of potential streamflow values that could arise under the same governing processes.

Mathematically, it can be said that by streamflow synthesis, the ensemble of m stream-
flow series would be obtained. If m — oo, characteristics of the population would be
estimated, which means that the probability of the ensemble characteristics being equal to
the population characteristics will be equal to 1 (Pr (xsample o~ Xpopulatim) ~ 1) [2]. More
accurately, an available historical sample is synthesized, and more information from the
population is obtained. It all depends on the information extracted from the historical
streamflow record, as this information defines the pre-specified properties that must be
mimicked in the synthesized series. Based on such knowledge, an appropriate model is



Encyclopedia 2025, 5, 198

3 0f 35

selected, one that can reproduce the identified properties. As more complex characteristics
are recognized, more advanced models are required to capture them effectively.

1.2. What Do We Know About Streamflow Characteristics

Before the 1950s, basic statistical moments, particularly measures of central tendency
such as mean or median and dispersion such as variance, skewness and kurtosis, were the
only information available. These simple metrics were considered sufficient representations
of the underlying hydrologic behaviour.

In the 1950s and the early 1960s, the temporal dependence structure of streamflow
became a key focus in hydrologic research. Streamflows were commonly characterized as
a first-order Markov process, and the strong autocorrelation at the first (and the second)
lag was used to quantify short-term dependence, which needs to be preserved by models
designed to synthesize streamflow. The findings by Hurst introduced a new dimension to
our understanding of streamflow by revealing the presence of long-term persistence, now
known as the Hurst phenomenon.

Hurst [15] analyzed around 900 annual time series datasets covering various envi-
ronmental variables like streamflow, precipitation, lake levels, tree rings, and atmospheric
pressure. He observed that the adjusted range represented by R, which is calculated as the
difference between the largest excess (P,;) and the greatest deficiency (Q,) over a steady
flow period of n years, varied with the length of the dataset (denoted by n) according to
a specific relationship of R/S ~ n', where R/S is the rescaled range, and S is the sample
standard deviation of the dataset. Hurst estimated a coefficient (%) through a formula
involving R and S, providing insights into the long-term storage requirements of the Nile
River and other hydrological systems. The coefficient (/) serves as a direct measure of
long-term persistence within a time series of data [16-19]. A value of 0.5 < < 1 indicates a
persistent time series, while & = 0.5 corresponds to a random walk pattern [20,21].

The identification of long-term persistence introduced new complexity into the un-
derstanding of streamflow behaviour and the broader temporal dynamics of hydrologic
processes. Klemes [22] argued that the persistence reflected by the Hurst coefficient might
not arise from a single identifiable cause. Instead, it could result from a genuinely long-
memory physical process (such as large-scale climatic influences), nonstationarity in the
data (like gradual shifts in the mean), the effects of storage and release mechanisms in
natural or engineered systems (e.g., soils, lakes, or reservoirs), or a combination of these
factors, which are often difficult to understand and disentangle in practice due to data
limitations and system complexity. This suggests that the memory structure of hydro-
logic processes is too complex to be fully explained by a single factor, such as the Hurst
coefficient, even though it is widely accepted and used by hydrologists as an indicator of
long-term persistence [5,12,16,21-37].

To quantify how patterns and statistical properties change across different temporal
scales, revealing underlying structures that are not easily apparent at a single time resolu-
tion, the scaling behaviour of streamflow has been investigated in the literature. Several
studies have attempted to analyze the scaling properties and underlying statistics [38—42].
The existence of a relationship between scaling behaviour and the Hurst coefficient was
first highlighted by Gallant et al. [43] and by Bloschl and Sivapalan [44] as both scaling
behaviour and the Hurst coefficient describe the concept of memory in a time series.

To quantify the scaling behaviour of a system, it is widely accepted that the Power
Spectrum Analysis (PSA) represents a powerful tool to determine the scaling behaviour
of time series [44-50]. In PSA, the power of a signal at various frequencies is plotted on
a log-log graph. If the power spectrum follows a form (1/f“) then it is considered to be
indicative of a scaling behaviour with a scaling exponent (or the power-law exponent) of
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« [40,48]. When the scaling exponent, « = 0, a time series is considered to exhibit white
noise, characterized by random fluctuations with no correlation (and therefore no memory).
In contrast, a scaling exponent in the range 0 < « < 2 corresponds to pink noise. For the
scaling exponent, « = 2, the behaviour is identified as brown noise or Brownian motion.
Finally, for « > 2, the series represents a black noise.

Koscielny-Bunde et al. [41] analyzed daily runoff time series from 18 representative
rivers in southern Germany and 23 international rivers, and in all cases found that the
fluctuations exhibited self-affine scaling behaviour over time scales ranging from weeks
to decades. Livina et al. [28] highlighted that the river flow time series exhibits clear
scaling behaviour, characterized by strong short-term correlation and reduced long-term
correlation, likely due to aquifer (groundwater) storage effects. Dolgonosov et al. [45]
discussed that spectral slopes vary across different frequency regions, providing evidence
of multi-scale dynamics in streamflow behaviour. Thompson and Katul [49] showed that
streamflow exhibits a robust power-law in the scaling behaviour that is largely insensitive
to whether the catchment response is modelled linearly or nonlinearly, and to spatial
variability in rainfall, provided the rainfall retains its spectral characteristics. They also
concluded that multiple hydrologic processes and flow pathways can produce similar
spectral exponents, making the mechanistic interpretation of streamflow spectra difficult
despite the consistency in observed scaling patterns.

Using the PSA and detrending fluctuation analysis at 11 gauging stations in the Ebro
Basin [48], investigated the scaling properties of monthly streamflow (1950-2005) in Spain
and revealed the presence of characteristics of pink noise in data sets. Such an observation
suggests two things: first, that the x-H relationship for non-stationary series requires
further investigations in hydrology, and second, that the monthly streamflow may exhibit
all types of coloured noise [51]. Studnicka and Panu [52] developed an approach to the PSA
in monthly streamflow, using reported jumps in the literature [47,48] as indicators of the
existence of seasonal as well as sub-seasonal cycles, inclusive of a fraction of the cycle and
revealed that monthly streamflow exhibited all types of coloured noise in 143 hydrometric
stations across Ontario.

The presence of noise can distort scaling behaviour across all time scales, but its
influence is particularly strong at shorter time scales, such as monthly [8]. Thus, the non-
stationary monthly streamflow should be characterized not only by its scaling properties
and memory effects but also by the evolving patterns embedded within the data. The recog-
nition of such patterns, often reflecting seasonal, sub-seasonal, or anthropogenic influences,
adds an important dimension to understanding streamflow behaviour. Discussions around
patterns as defining characteristics of monthly streamflow date back to the 1960s.

During the 1970s, following the introduction of disaggregation models by Harms and
Campbell [53], monthly streamflow began to be treated as a non-stationary time series
due to its strong seasonality and periodicity [5]. Panu et al. [54] and Panu and Unny [55]
suggested that recurring patterns, such as cyclicity and seasonality, are inherent features of
hydrologic time series. Thus, by treating each seasonal segment as an object and grouping
similar objects across years, they emphasized that these patterns not only exist but can also
be quantitatively analyzed through pattern recognition techniques.

Moreover, streamflow exhibits two interrelated characteristics: emergent behaviour,
shaped by external climatic, geological, and anthropogenic influences, and self-organization,
which arises from internal hydrologic feedback such as infiltration, storage, and routing
processes. These interacting dynamics contribute to the inherent complexity of streamflows.
The dual nature of streamflows can be quantitatively assessed using normalized Shannon
entropy. Emergence (E) reflects the degree of unpredictability or information content in a
time series, while self-organization (S) is defined as the reduction in this entropy, indicating
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the underlying structure or order. The product of these two components, scaled by a
factor of four, yields a normalized complexity measure (C), which ranges from 0 (complete
randomness or total disorder) to 1 (an optimal balance between variability and structure).

Mujumdar and Kumar [56] have shown that this complexity measure can distin-
guish streamflow dynamics across different catchment types, such as low- and high-snow-
dominated basins, and is significantly associated with persistence, particularly in low-snow
regions. Piran and Panu [57] indicated that while complexity captures a balance between
order and unpredictability in streamflows, it is not directly associated with the persis-
tence or memory-retaining nature of the streamflow process in snow-dominated regions
of Ontario. Complexity reflects the ability of a system to generate new information while
maintaining underlying patterns; however, whether this behaviour stems from external
non-deterministic influences, such as climate variability, or it arises from deterministic
chaos, remains a subject for further investigation.

While the presence of recurring patterns, such as seasonality, periodicity, and scaling
behaviour, reflects a certain degree of regularity in streamflow time series, these patterns
coexist with inherent nonlinearities that confound the dynamics of hydrologic systems,
particularly at the discharge rates. Streamflows are governed by a complex interplay of
climatic, topographic, and land surface processes, all of which can interact in multiple
nonlinear ways. As a result, even small differences in initial conditions, such as antecedent
soil moisture, rainfall intensity, or vegetation cover, can lead to disproportionately large
differences in hydrologic responses. This phenomenon, known as sensitive dependence on
initial conditions, underscores the chaotic nature of streamflows [8]. Numerous methods
have been developed to identify chaos in time series data, with most grounded in the
fundamental concept of phase space reconstruction, a technique used to visualize and
analyze the underlying dynamics of complex systems [58—62].

In the context of non-stationary time series influenced by periodicity, the choice
between chaotic modelling approaches and pattern recognition systems is guided by
the nature of the data set and the specific modelling objectives. Chaotic approaches are
often employed when the underlying dynamics exhibit complex, nonlinear behaviour,
whereas pattern recognition systems are typically preferred for detecting and adapting to
evolving patterns, especially when the patterns are perceived as simpler or when ease of
implementation is prioritized [63]. Understanding key characteristics of streamflow informs
the selection of appropriate modelling approaches. As more aspects of streamflow are
quantified, models are increasingly expected to replicate these features. Figure 1 illustrates
key known characteristics of streamflows to date, along with the corresponding methods
used to quantify them.

1.3. Role of Streamflow Synthesis in Operational Hydrology

Traditionally, water resource engineers have utilized the Rippl mass curve approach,
often in combination with historical streamflow data, to estimate the capacity of reservoirs,
which can be used either in the construction or maintenance of storage [64]. The Rippl
mass curve is used to analyze and design reservoir storage capacity [65].

Storage-Yield-Reliability (S-Y-R) equations are used to determine a reservoir capac-
ity S (active storage), required to deliver a desired yield Y, with the expected inflow Q,
considering losses L at time t (S5;_1 + Q¢ — Yi — Ly = S;). The analysis involves estimat-
ing the reservoir capacity to achieve a certain yield with a specified level of reliability or
determining the yield from an existing reservoir of known capacity.

The S-Y-R equations can be used in water resource engineering to estimate the reli-
ability of a reservoir system in meeting water supply demands over a specified period
(Reliability = N/ N; where N; is the number of time intervals during which demand was
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met, and N is the total number of time intervals. Stochastic streamflow models have
been recommended to derive the probability distribution of required reservoir capacity for
maintaining specified releases. However, estimating parameters of stochastic streamflow
models from relatively short hydrological records introduces uncertainty in the derived
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Figure 1. Key known characteristics of streamflow (white circles) and the corresponding methods

commonly used to quantify each characteristic (grey circles).

The traditional approaches (deterministic approach) to reservoir analysis faced crit-
icism, leading to a shift towards streamflow synthesis facilitated by the development of
stochastic hydrology. This transition to a stochastic approach, in which the aim is to un-
derstand how the reservoir system behaves under different scenarios and conditions, such
as varying inflow patterns, changing water demand, and operational strategies, requires
streamflow synthesis [23].

Vogel and Stedinger [64] examined whether estimated storage capacity based on syn-
thetic streamflow sequences, despite their limitations, offers more accurate estimates of
required storage capacity volumes compared to those obtained through traditional drought-
of-record analyses. Their results show that fitting an AR(1) lognormal model leads to more
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accurate estimates of annual storage requirements than relying solely on historical flows,
even in situations where flows were not generated with an AR(1) lognormal model. How-
ever, estimates of storage capacity obtained by fitting stochastic annual streamflow models
to 80-year samples can exhibit significant variability. Understanding yield and reliability
estimates is crucial within the context of typical reservoir system design applications.

2. Evolution of Streamflow Synthesis Techniques

Nearly a century and a half ago, Rippl [66] delved into the challenge of determining
reservoir capacity to meet specific water demands. This problem catalyzed the emergence
and growth of techniques for generating synthetic streamflow [20]. The Rippl approach
deals with mass curve analysis, which determines the minimal reservoir storage based on
the combination of a given demand and the historical streamflow record.

Stochastic streamflow models have been developed to estimate the reservoir capacity
required to reliably meet a given water demand or release by deriving the probability
distribution of that capacity under variable streamflow conditions [64]. However, stream-
flow synthesis did not originate during this period of hydrological challenges concerning
reservoir engineering; rather, it began many years earlier, during 1914-1962, which is here
referred to as the pre-era.

Towards developing this review of the evolution of streamflow synthesis techniques,
relevant studies were identified primarily through Google Scholar by applying time filters
(e.g., 1980-1990, 1991-2000) and comprehensive keyword combinations such as “streamflow

”ou

synthesis”, “streamflow generation” and “streamflow simulation”.

2.1. Early Developments in Streamflow Synthesis: PRE-ERA (Beginning-1960)

There is a general agreement among hydrologists working on streamflow synthesis
that Hazen in 1914 was the first to synthesize streamflow [1,12,67-69]. Hazen [70] endeav-
oured to extend historical records by creating a 300-year synthetic record from 14 streams,
standardizing each annual flow value by dividing each annual flow value by the long-term
mean annual flow of that river. The records were then combined in order of increasing
variability, as indicated by their coefficient of variation. However, such a synthetic record,
while used to compile design charts for reservoir capacities, failed to address limitations in
the mass curve procedure and neglected the autocorrelation structure of flows.

In the early days of streamflow synthesis after Hazen, a card-based approach was
employed by [71], addressing the storage issue once again. In his approach, each card
represented an annual runoff volume, and these cards were shuffled. Cards were drawn
one by one, and their values were recorded as they were drawn. Next, a table of random
numbers drawn from a normal distribution was utilized by Barnes [72] to create a longer
record of annual flows with similar averages and variations as the original data. Although
better than using cards, it does not consider any autocorrelation in the annual stream-
flow time series [67]. The initial streamflow synthesis techniques focused on mimicking
the statistical properties of historical series because, at the time, hydrologists primarily
understood metrics such as mean, variance, skewness, and kurtosis. As their understand-
ing of streamflow time series deepened, additional characteristics were quantified, and
new synthesis techniques were developed to better replicate the observed complexities in
historical data.

Two key findings, as noted below, drove a significant shift in streamflow synthesis
techniques from the pre-era to Era 1. The first was the autocorrelation function, which
revealed the strong temporal dependence within streamflow structures, particularly at
immediate lags. The second was the Hurst coefficient, which quantified the memory of
a time series, showing how long the effect of an event persists within the system after its
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occurrence. As elucidated in the ensuing section, the Era 1 synthesis techniques primarily
focused on replicating these two critical findings.

2.2. ERA-1 (1960-2000): The Domination of AR-Family Models

During this period, hydrologists have extensively utilized statistical methods and
stochastic processes to analyze and describe streamflows due to their inherent stochastic
nature. While statistical advances play a significant role in shaping streamflow synthesis,
the literature on statistical hydrology is not rich, with notable exceptions such as Anis and
Lloyd, Moran, Gumbel, Bernier, Borgman and Amorocho [1]. Among the pivotal statistical
studies are the investigations on a special characteristic inhibited by streamflow records of
the Nile River by Hurst [15]. The recognition of this special characteristic in streamflows is
now commonly known in hydrology as the Hurst Coefficient (or Effect or Exponent).

Research in the 1950s by Hurst, particularly on the Nile River, sparked interest in
statistical methods like the rescaled range. Significant findings of Hurst set the stage for
further research into modelling hydrological processes.

In the 1960s, hydrologists recognized the importance of preserving key statistical
properties in synthesized time series. The autocorrelation function (ACF) at lag 1 (ACF (1))
and lag 2 (ACF (2)), as well as the Hurst coefficient, were particularly significant for
streamflow synthesis [5]. These elements became the focus of streamflow synthesis efforts.
However, determining which of these properties to prioritize often depended on the specific
objectives of researchers. Given the simplicity of models during Era 1, it was generally not
feasible to preserve simultaneously all three properties.

Thomas & Fiering [11] were the first to mathematically model streamflow and to
consider its dependence structure. In their model, streamflow at any given period
is treated as a linear function of flow at the previous period, resulting in the devel-
opment of a recursive formulation for monthly time intervals in a bivariate model.
The model by Thomas & Fiering [11] presents a set of 12 regression equations as
Qij = Qj + b]-(Qi,]-_l — Q]-,l) + t]-S]-(l — r]-z)l/2 where Q;; is the monthly streamflow
in the j month of the i year to be simulated by Qi j—1 is the monthly streamflow in the
(j — 1) month of the year i. The mean monthly streamflow Q; and Q;_; are, respectively,
for the j and (j — 1)th months. The term r; represents the correlation between flow values
Q;j and Q; j11, while the term S; is the standard deviation of Qj; ¢; is a normal random
deviate with zero mean and unit variance, and b; is the slope of the regression line between
Qjand Qj41.

To improve the applicability of the model to skewed hydrologic series, Thomas and
Burden [73] suggested a transformation to replace the normal random variate ¢;, with a
random variate that follows an approximately gamma distribution, making the model
adaptable to different distributions. Later, in 2012, an attempt was made to modify the
Thomas-Fiering model by extracting the persistence characteristics of a river and analyzing
its serial correlation between the random residuals of the historical monthly mean records.
The results showed that the new approach to the Thomas-Fiering model was more effective
in preserving the monthly and annual standard deviation of the historical data, as well as
its frequency distribution [74].

Without a doubt, the model by A. Thomas and B Fiering [11] marked a pioneering step
in addressing the issue of dependency within streamflows; however, a notable challenge
lay in their approach of treating flows for each month as individual populations. Moreover,
the Thomas and Fiering model is a first-order Markov process, meaning that the streamflow
at a given time step depends only on the previous time step. Therefore, it ignores higher-
order dependencies.
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Initiated by the work of Thomas and Fiering [11], the historical evolution of AR (Au-
toregressive) models commenced within hydrology during the 1960s. Box and Jenkins [75]
proved a significant catalyst for time series analysis through their classic textbook on Time
Series Analysis, Forecasting and Control. Consequently, AR models come in several forms,

p
with the most prevalent being shown as y; = p + ) ¢; (yt,]' — 1) + ¢ by Fiering and
=1

]:
Jackson [5]. In this model, y; represents the estimated value of streamflow at time t, using

(t — j) lags of the realization time series y;_;, where E[y] = p and ¢; signifies the autore-
gressive coefficient, while p denotes the order of the autoregressive process. The stochastic
component (g¢) of the equation is the time-independent series, which is independent of y;.
The values of ¢;s are derived based on the assumption of normality.

While AR models could describe flow recession based on past values, these models
may not fully account for high flow variations caused by rainfall and snowmelt. To better
capture the variability in hydrologic time series, the moving average (MA) component is
added to the AR models, forming the ARMA model. However, a key limitation of ARMA
models is their assumption of stationarity, which may not hold for hydrologic data that
exhibit seasonality.

In the 1970s, Hipel et al. [76] used the ARMA model for streamflow synthesis by first
removing the seasonal nonstationarity in the data and then developing an ARMA model
for the resulting time series. Lawrance and Kottegoda [1] highlighted theoretical challenges
in the deseasonalization process, particularly its assumption that the transformed series
is stationary. This implies that correlations between flows in different months, such as
January and August, remain unchanged, an assumption that contradicts both theoretical
models and empirical findings [77]. Despite this limitation, the AR family of models have
been widely employed for streamflow synthesis across the globe.

Hirsch [78] used AR and ARMA models, which are quasi-stationary, meaning their sta-
tistical properties vary by season but remain consistent across years, to synthesize monthly
streamflow using three approaches: log-normal, log transform, and normalizing transform.
Synthesizing data for six rivers in the Potomac River at Point of Rocks revealed that AR (1)
with a normalizing transform performed the best among the methods tested.

During the 1980s, the use of the AR family of models reflected a balance between
simplicity, statistical rigour, and practical application. Early in the decade, Stolte [79]
emphasized the utility of simple AR models over ARMA due to their ease of use and
better alignment with engineering judgment, despite acknowledging their limitations in
capturing complex streamflow dynamics. Muzik [80] similarly critiqued the reliability of
stochastic models like AR (1) for reservoir design, noting the challenges of model validation
and estimation under uncertainty, although the potential of simulations to incorporate
variability and risk was recognized.

As the decade progressed, research increasingly turned to more sophisticated methods
that addressed the shortcomings of early models. Stedinger and Taylor [34] demonstrated
that parameter uncertainty had a greater impact on reservoir reliability estimates than the
choice of AR-family models themselves. Lettenmaier and Burges [18], using ARMA-based
disaggregation techniques, highlighted limitations in seasonal disaggregation and mass
conservation. Further studies, such as that of Stedinger et al. [81], introduced Bayesian
approaches to incorporate parameter uncertainty in disaggregated models, while Stedinger
et al. [82] found that univariate ARMA(1,1) models with disaggregation could rival more
complex multisite models. Meanwhile, Kalman filtering techniques were successfully
applied by Bergman and Delleur [83] to enhance AR model forecasting through adaptive
parameter estimation.

By the late 1980s, the AR-family modelling landscape had broadened to include more
flexible and statistically robust approaches tailored to specific hydrologic and geographic
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contexts. Salas et al. [5] explored multivariate AR(1) and contemporaneous ARMA models,
showing their effectiveness in preserving key statistics. The use of computer-intensive
methods like the Jackknife and Bootstrap by Cover and Unny [84] allowed for deeper
insights into parameter sensitivity and model robustness. Bowles et al. [85] proposed
model selection strategies based on persistence measures, while Vogel and Stedinger [64]
highlighted that AR(1) log-normal models could enhance the precision of reservoir de-
sign despite potential misspecification. Toward the end of the decade, Fernandez and
Salas [86] validated the Gamma-autoregressive (GAR(1)) model as a practical alternative
for modelling skewed, dependent streamflow series across diverse basins, showing that
bias-corrected estimators could eliminate the need for normal transformations and improve
simulation fidelity.

During the 1990s, hydrologists began addressing the known limitations of traditional
AR and ARMA models, such as poor representation of seasonal variability, skewness, and
spatial dependence, by developing and applying more advanced variants. Mujumdar
and Kumar [56] demonstrated the need for tailored model structures across different river
basins, finding that higher-order AR and ARMA models outperformed AR(1) in capturing
monthly and ten-day streamflow variability. Despite the lower mean square error of AR(1),
more complex models such as AR(4) and ARMA(3,1) were needed to preserve temporal
dependencies, and model adequacy was statistically validated across all tested cases. At
the same time, as noted earlier, Fernandez and Salas [86] introduced the GAR(1) model to
overcome the restrictive Gaussian assumption in traditional ARMA models. Applied to
river systems across multiple continents, GAR(1) effectively captured both dependence
and skewness without requiring data transformations. This model marked a practical
improvement in reproducing higher moments and maintaining statistical fidelity in skewed
annual streamflow data.

Progress in the decade continued with innovations targeting seasonal and computa-
tional limitations of ARMA-family models. Santos and Salas [87] proposed parsimonious
stepwise disaggregation methods that retained autocorrelation and cross-correlation struc-
tures while significantly reducing computational demands, making them suitable, espe-
cially, for large datasets with bimonthly resolution. Later, Rasmussen et al. [88] advanced
the use of Periodic Autoregressive Moving Average (PARMA) models, incorporating sea-
sonality through periodic moment equations, and highlighting challenges in parameter
estimation for high-frequency data. To further increase flexibility, Tasker and Dunne [89]
applied a nonparametric bootstrap method to the residuals of the PARMA model, enabling
the generation of synthetic flow series that retained both spatial and temporal correlation
structures without assuming normality. Together, these studies reflect a shift in the 1990s
from purely linear stochastic models toward more robust, flexible approaches capable of
handling real-world complexities in hydrologic data.

In the 21st century, the AR-family of models were still used in two primary
ways: as benchmarks for comparison [90-96] and as components within hybrid mod-
elling frameworks [14,97-100] During the 21st century, Artificial Intelligence (AI) and
machine learning (ML) models became increasingly popular and eventually dominant
in streamflow synthesis.

2.3. ERA-2 (21st Century): The Rise and Domination of AI/ML Models

The emergence of Al models set the stage for the development of artificial neural
networks (ANN). The inception of ANN dates to 1943, when McCulloch and Pitts proposed
a theory based on networks of binary processing elements called neurons. However,
despite its early development, ANN had not been utilized by hydrologists up to the early
1990s [101].
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It is worth noting that prior to this, ANN had been utilized for forecasting purposes
as early as 1992. Raman and Sunilkumar [102] noted that many conventional techniques
for time series analysis assume linear relationships among variables. However, real-world
temporal data often exhibit complex and nonlinear patterns that are challenging to analyze
and predict accurately, and linear models and their combinations may prove insufficient in
describing the behaviour of such data. Therefore, it was a logical step to employ nonlinear
models such as neural networks, which are better suited to tackle the intricacies of the
real world exhibiting temporal variation. Hence, twelve distinct neural networks were
developed by Raman and Sunilkumar [103], one for each month of the year, to synthesize
streamflow. In a comparative analysis with traditional ARMA, it was found that the ANN
model yielded comparable results.

Although early efforts in semi-automated pattern recognition during the 19th century
demonstrated pseudo forms of Al [31,55], Al had not been widely applied in synthetic
hydrology until recently. Early in the 21st century, Jardim et al. [104] applied K-means
clustering to monthly streamflow sequences generated by an autoregressive model to
reduce the computational burden in mid-term hydroelectric planning—arguably the first
clear application of Al in this field.

This period marked the beginning of a transition from classical stochastic models to
hybrid and Al-enhanced frameworks. Early hybridization efforts combined traditional time
series models like PAR(1) with bootstrapping methods [100] or integrated ARMA-generated
flows into adaptive neuro-fuzzy inference systems [90]. Artificial neural networks (ANNSs)
were increasingly deployed to capture nonlinear dependencies and to simulate complex
flow behaviours, outperforming traditional models such as ARMA and Thomas-Fiering
in many cases [105,106]. As computational capacity grew, the ability of Al to synthesize
hydrologic memory, extreme events, and spatial-temporal patterns more realistically than
conventional models established its growing dominance.

Upon confirmation that the performance of artificial neural networks (ANN) in stream-
flow synthesis surpasses that of traditional models, the attention of researchers naturally
shifted towards addressing any limitations, such as those that ANN suffers from overde-
pendence on data size and the possibility of being trapped in local minima. The bootstrap
technique has been recommended to overcome the former [107], and the Support Vector
Machine (SVM) as a novel solution to the latter [108].

In the Bootstrap techniques, a set of Bootstrap between 50 to 200 is created by sampling
with replacement. Each bootstrap sample may include multiple copies of some observations
and no copies of other observations. An ANN is then applied to each Bootstrap sample,
and the final synthesized streamflow at each time step will be the average of the ANN
outcomes [107,109]. As mentioned, in addition to the large data set requirement, ANNs
have the limitation of overfitting since they may become trapped in local minima. The main
reason why this may happen is the fundamental optimizing method in ANNs-Empirical
Risk Minimization (ERM). ANNSs seek the minimum error between the actual output
vector and the expected one, and Support Vector Machine (SVM) attempts to minimize the
upper bound of the generalization error [110]. Apart from global optimization, the main
advantage of SVM is that it uses Kernel Tricks to formulate the nonlinear variants.

Another way to overcome overfitting is fuzzy logic. The fuzzy-rule structure and lower
parameter complexity often lead to better generalization. Keskin et al. [90] demonstrated
that using an Adaptive Neuro-Fuzzy Inference System (ANFIS) for synthetic streamflow
generation yields superior performance compared to stand-alone ARMA or ANN models.
The fuzzy-rule-based structure of ANFIS enables better generalization, particularly in the
presence of nonlinear hydrological data.
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The nonlinear nature of streamflow has increasingly driven researchers to adopt
Al-based models. Bourdin et al. [111] highlighted a paradigm shift from empirical mod-
els to more flexible, ensemble-based and physically informed systems, especially under
uncertainty and climate change. Hao and Singh [112] tackled spatial and temporal de-
pendence through a maximum entropy copula approach, accurately capturing multisite
monthly streamflow structures. Similarly, Kirsch et al. [13] used the Modified Fractional
Gaussian Noise (mFGN) model to simulate seasonal autocorrelations for planning under
climate change scenarios, showing how nonlinear variability in inflows directly affects
transfer operations.

Advanced models like the MRS—Multimodal Regression-Sampling [113] and M3EB—
multi-site multi-season Maximum Entropy Bootstrap [114] combine regression, k-NN
resampling, entropy bootstrapping, and transformation techniques to handle both stochas-
ticity and nonlinearity across multiple locations and seasons. You et al. [115] and Markovi¢
et al. [116] addressed ecological and hydrologic flow realism using disaggregation and
multi-step nonparametric methods that preserved autocorrelation, extreme events, and
flow transitions across timescales.

Other innovations include the Hydraulic Mixing-Cell (HMC)-based tracer model by
Partington et al. [117], which disaggregates flow contributions in storage-driven basins,
and the climate-informed stochastic model by Stagge and Moglen [118] that links GCM
predictors to nonlinear streamflow states. In data-limited environments, Patskoski and
Sankarasubramanian [103] combined paleo-hydrological reconstructions with Bayesian
updating to better estimate extreme drought conditions.

Recently, Long Short-Term Memory (LSTM) networks have gained popularity due to
their ability to capture both short- and long-term dependencies in time series. This capa-
bility is particularly valuable in hydrology, where seasonal memory, lagged effects, and
nonlinear interactions, such as those between rainfall, snowmelt, and soil moisture, play a
critical role in streamflow dynamics. Molina et al. [119] proposed an LSTM-based approach
to retrospectively estimate daily streamflow in ungauged or data-scarce watershed seg-
ments. Their approach models watersheds as interconnected upstream-downstream pairs,
allowing the network to leverage downstream flow data to improve upstream estimates.

As a valuable alternative to AI/ML models by directly manipulating the temporal
structure of streamflow series, transformation-based methods, particularly wavelet and
frequency-domain techniques, for synthetic streamflow generation have also been popular.
Wang et al. [120] introduced a nonparametric wavelet-based approach that decomposes
and reconstructs daily flows using annual sampling of wavelet coefficients, effectively
preserving statistical properties without assuming linearity. Similarly, Niu and Sivaku-
mar [121] used Morlet wavelet decomposition to distinguish between high- and low-flow
components, demonstrating strong performance at shorter time scales. In the frequency
domain, Brunner et al. [122] employed phase randomization of de-seasonalized streamflow
series, combined with a kappa distribution, to simulate realistic daily flows. This was
extended by Brunner and Gilleland [123] in the Phase Randomization Simulation using
the wavelets (PRSim-wave) model, which accurately captured spatio-temporal depen-
dence and extremes across hundreds of U.S. catchments, proving suitable for regional-scale
water planning.

These transformation-based models are increasingly favoured for their capacity to
handle complex hydrological behaviours, including non-stationarity and long-memory
processes, often without the high parameterization or training data demands of Al mod-
els. Abdelaziz et al. [97] compared wavelet and Discrete Fourier Transform (DFT)-based
methods, finding both effective at modelling short- and long-term dependencies, with DFT
offering marginally better results. Collectively, these studies highlight a shift toward hybrid
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or transformation-based modelling strategies that can complement or even outperform
machine learning approaches like LSTM or ANFIS in specific contexts, especially when
interpretability, spectral fidelity, or data limitations are of concern.

Figure 2 provides a chronological overview of major streamflow synthesis approaches,
tracing their evolution from early stochastic and conceptual models to modern AI/ML-
based frameworks.

Pre-Era Era 1 (1960-2000) Era 2 (21st Century)

} — } >
Hazen 1914 1&62 Th};‘mﬁs‘ilermg 1990s ANN
(300y record) (Monthly, Markov) (Monthly synthesis)
Sudler 1927 1263 Th"mafz& lB“rde“ 2000s Hybrid Al (ANFIS /
(Card shuffle) (Gamma residuals) SVM)
Barnes 1954 1970s AR / ARMA / ARIMA 2010s LSTM / Wavelet
(Random (Lag-dependent)
number) 2020s LSTM + Textural

1980 Pattern Recognition System Pattern Recognition System

1980s Stedinger & Taylor /
Kalman

1990s Higher-order AR / GAR(1)
/ PARMA

1990s-2000s ANN
Figure 2. Chronological overview of streamflow synthesis approaches (Data from [11,70-73,81,82]).

As these models become more data-driven and automated, there is a growing risk of
rendering hydrologists mere technicians, implementing models without fully understand-
ing their inner workings or limitations. To address this, the community has begun to pursue
two complementary strategies. First, hydrologists continue using advanced AI/ML models
but with interpretability frameworks integrated, ensuring that the underlying relationships
remain transparent and physically meaningful (Section 2.3.1). Second, hydrologists develop
semi-automated models that balance computational power with domain expertise, allow-
ing researchers to remain actively involved in the modelling process (as further elaborated
in Section 3.1.2).

2.3.1. Interpretability of Hydrological AI/ML Models

The increasing application of AI/ML in hydrology has introduced powerful tools
for nonlinear modelling, pattern recognition, and synthetic streamflow generation. ML
approaches have demonstrated advantages over traditional physically based and con-
ceptual models in terms of flexibility, predictive accuracy, and generalization. However,
despite these benefits, ML models face significant challenges, particularly regarding in-
terpretability [124]. The reliability and transparency of these models depend critically on
four interrelated aspects: validation protocols, handling of distribution shifts, uncertainty
quantification, and generalization ability.
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Validation Protocols

Robust validation is fundamental to ensuring that model performance reflects genuine
predictive capability rather than overfitting to historical data. Traditional approaches, such
as split-sample validation [90,102], divide datasets into training, validation, and testing
subsets to balance model fitting and evaluation. More advanced frameworks employ
cross-validation or bootstrap resampling to estimate generalization error and confidence
intervals [107]. In hybrid and stochastic models, such as those using the moving block
bootstrap [100,109], validation also includes assessing the preservation of temporal and
statistical dependencies (mean, variance, autocorrelation, and skewness). In recent deep
learning models (e.g., Molina et al. [119]), validation extends to testing on independent
datasets and evaluating metrics such as the Nash-Sutcliffe Efficiency (NSE) and Root Mean
Square Error (RMSE) under different flow regimes.

Handling Distribution Shifts

AI/ML hydrological models are often trained under the assumption of stationar-
ity, where statistical properties of the inputs and outputs remain consistent over time.
However, distribution shifts—arising from climate change, land-use alteration, or anthro-
pogenic interventions—can degrade model performance. Most early models (e.g., Jardim
et al., [104]; Raman & Sunilkumar, [102]) did not explicitly account for nonstationarity.
Later developments, such as the mFGN approach [13], introduced mechanisms to simu-
late future hydro-climatic scenarios by adjusting mean and variance. Modern strategies
to handle distribution shifts include data augmentation, transfer learning, and adaptive
retraining using updated hydro-climatic records, which can enhance model robustness
under changing environmental conditions.

Uncertainty Quantification

Quantifying uncertainty is essential for translating AI/ML predictions into action-
able hydrological insights. Early neural network models primarily assessed performance
deterministically using statistical indices (e.g., MSE, R?), with limited consideration of
predictive uncertainty. Subsequent frameworks incorporated stochastic sampling, boot-
strap ensembles, and nonparametric residual resampling [107,109] to estimate variability
in model outputs. More recent methodologies employ probabilistic models and Bayesian
neural networks to explicitly represent epistemic (model-related) and aleatory (data-related)
uncertainties. Such probabilistic approaches enable the generation of prediction intervals,
risk estimates, and confidence bounds—crucial for reservoir management and climate
impact studies.

Additionally, explainable Al techniques, such as Shapley Additive Explanations
(SHAP), have been increasingly used to identify the input variables driving predictive un-
certainty, providing both interpretability and actionable insight into why certain predictions
are more uncertain than others [125,126]. Fan et al. [125] applied SHAP values to quantify
the contributions of hydrometeorological variables in reservoir inflow modelling. Their
analysis revealed that, for snowmelt-dominated reservoirs, past inflow was the dominant
predictor, whereas in rainfall-driven reservoirs, both inflow and precipitation were critical.

Generalization Challenges

A persistent challenge in hydrological AI/ML models is ensuring generalization—the
ability of a model trained on one basin, time period, or climatic condition to perform
reliably in others. Many early models demonstrated satisfactory performance within the
calibration basin but exhibited limited cross-basin or temporal transferability [102]. Hybrid
approaches such as ANFIS + AR models [90] and ANN + Moving Block Bootstrap (MBB)
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frameworks [109] showed improved adaptability by combining deterministic learning with
stochastic variability. Recent developments in deep learning architectures, including LSTM
networks [119], demonstrate higher generalization potential through dynamic learning
of temporal dependencies and flow patterns. Nevertheless, ensuring model robustness
under unseen hydrologic conditions remains an open research frontier, requiring both
methodological innovation and diverse, high-quality datasets.

To sum up, interpretability is a key consideration in the application of AI/ML models
in hydrology, as it directly affects the reliability and actionable value of synthesized stream-
flow. Therefore, while AI/ML models can be used for streamflow synthesis, their usefulness
is limited without proper interpretability, since understanding the drivers of synthesized
streamflow and associated uncertainties is essential for informed decision-making.

3. Approaches to Streamflow Synthesis

Streamflow synthesis has been approached through a wide range of modelling strate-
gies, each shaped by different assumptions, data requirements, and computational capabili-
ties. These approaches vary in terms of methodology, time scale, model structure, and the
extent to which they incorporate domain knowledge or learning from data. The following
subsections provide a structured overview of key distinctions among streamflow synthesis
methods.

Figure 3 categorizes streamflow synthesis methods across different perspectives, which
are discussed in detail in the following sections. In this figure, methods are classified
according to several perspectives: the Paradigm Perspective, distinguishing traditional
versus Al-based approaches (Section 3.1); the Pre-specified Probability Distribution Per-
spective, separating parametric and non-parametric methods (Section 3.2); the Time Scale
Perspective, which considers annual, monthly, daily, or hourly resolutions (Section 3.3);
the Temporal Generation Process Perspective, differentiating directly synthesized methods
from disaggregation models (Section 3.4); and the Feature-Generation Perspective, distin-
guishing methods that synthesize streamflow directly (without extracting features) from
those that first extract features using a pattern recognition system before generating the
streamflow series (Section 3.5).

Streamflow Synthesis Categorization Perspectives

I

| | |

Pre-specified Probability i 5 .
ParadigiiParspoetve Distribution Assumption Time Sc&fle Temporal-Genera.tlon Feature-Generation
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AI/ML Non- Intra- Direct . . [Non-featured| Feature
iti i Annual . Disaggregation
Traditional Models Parametric parametric Annual Synthesis e Based Based
Automated Semi-automated
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A Feature
Learning (Deep Extraction
Learning)

Figure 3. Categorization of streamflow synthesis methods.

3.1. Traditional Versus Al

Streamflow synthesis methods can broadly be categorized into traditional statistical
approaches and modern Al techniques. Traditional models, such as the Thomas-Fiering
model, Markov chains, and autoregressive (AR) family models, like AR, ARMA, and
ARIMA, rely on predefined statistical assumptions and structures. These methods typically
model streamflow as a stochastic process and are valued for their simplicity, interpretability,
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and ease of implementation. However, they often struggle to capture nonlinear patterns,
non-stationarities, and complex dependencies inherent in hydrological systems.

In contrast, Al-based approaches, including ANNs, ANFIS, SVM, and, more recently,
LSTM, are data-driven and flexible. These models do not require strict assumptions about
data distribution and can learn from the patterns in recorded time series, making them
well-suited for modelling nonlinear and dynamic behaviour. Despite their performance
advantages, Al models may suffer from overfitting, a lack of interpretability, and a heavy
reliance on large, high-quality datasets.

Figure 4 illustrates the evolving research trend in streamflow synthesis, highlighting
how traditional models initially dominated the field, while Al-based approaches began to
emerge and gain traction, particularly after 2000, reflecting a shift in modelling paradigms.
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Figure 4. Temporal distribution of publications on streamflow synthesis using traditional and
Al-based models.

The continued development of traditional models after 2010 highlights their funda-
mental simplicity, which makes them attractive for adaptation and improvement. For
instance, approaches like the mFGN model [13,127] and hybrid methods such as periodic
autoregressive parameters of the linear parametric model with normalizing transformation
(PAR(1)-NT) combined with Moving Block Bootstrap [114] have been proposed to enhance
their ability to represent dependence structures while maintaining conceptual clarity.

It can be said that traditional models are often more accessible to refine or hybridize
due to their clarity and mathematical simplicity. In contrast, Al models offer greater
flexibility and performance, particularly in handling nonlinear and dynamic patterns, but
they are generally more difficult to interpret and control. Considering LSTM networks,
their architecture is specifically designed to capture dependencies across varying time lags,
enabling them to implicitly learn aspects of hydrologic memory embedded in streamflow
time series. However, this representation remains largely opaque—the model learns and
applies these patterns internally without explicitly revealing or encoding them in a human-
interpretable form.

Without a doubt, the application of Al in hydrology has steadily been growing. Al
methods are attractive due to their ease of implementation and their ability to produce
desired outputs—such as synthesized streamflow—without requiring explicit parameter
tuning or deep domain knowledge.
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Moreover, the key difference between traditional models and AI/ML models lies in
how they represent and maintain dependence structures. In traditional models, dependence
is structurally encoded, such as through autocorrelation coefficients in AR-family models.
In contrast, AI/ML models learn dependence from data via features, whether these features
are implicitly learned within the complex architecture of deep learning models like LSTM
or explicitly provided in a pattern recognition framework (Section 3.1.2).

3.1.1. Automatic Feature Learning (Deep Learning Models)

In deep learning models, temporal dependence is learned implicitly through internal
weights and memory mechanisms, such as the memory cells in LSTM networks. There is
no need for manual feature engineering; instead, the network automatically detects and
learns from patterns embedded in input sequences.

LSTM architectures, in particular, are designed to capture dependencies across varying
time lags, enabling them to implicitly learn aspects of hydrologic memory in streamflow
time series. However, this representation remains largely opaque: the model internalizes
and applies learned patterns without making them explicitly interpretable or accessible for
hydrologic insight [128].

Two key limitations that arise from this approach are as follows.

e  Lack of explicit features: While omitting feature engineering simplifies the modelling
pipeline, it also means the model offers no internal explanation or analysis of the
features it relies on. This limits interpretability and reduces the potential for scientific
insight (and may also lead to oversight).

e High data requirements: Deep learning models generally require large volumes of
high-quality training data to perform reliably. This can pose challenges in many
hydrologic contexts, where historical records are short, sparse, or discontinuous.

Both limitations, the lack of explicit features and the need for large datasets, can
be effectively addressed through a semi-automated feature extraction approach, which
combines domain knowledge with data-driven pattern recognition. Unlike deep learning
models such as LSTM, which often lack visibility into internal decision pathways, pattern
recognition approaches provide a more transparent synthesis framework aligned with
hydrologic reasoning.

3.1.2. Semi-Automated Feature Extraction (Pattern Recognition Models)

Pattern recognition techniques offer an alternative that can preserve interpretability.
Due to their design, these models explicitly encode and reproduce identifiable patterns
within streamflow data, allowing researchers to understand and trace how features such as
persistence, seasonality, or flow texture are generated.

In a pattern recognition approach, streamflow at time ¢ is synthesized using extracted
features, introducing an additional step in the modelling process known as feature extrac-
tion. For instance, Panu et al. [54] extracted features by computing the first-order differences
between adjacent observations, effectively representing short-term dynamics. Later, Li
et al. [129] defined features using a six-day moving window, capturing the slope of a fitted
curve to short flow sequences, thus characterizing local trends within the time series.

More recently, Studnicka and Panu [52,130] developed a novel approach by extracting
textural features from streamflow time series. They encoded historical flow sequences as
grayscale images and defined a simultaneous autocorrelation function that incorporates
both the immediate past and corresponding month in the previous year and thus allowing
for simultaneous representation of short- and long-term dependencies as features.

It can therefore be said that the semi-automated approach balances complexity and
control. It ensures that domain knowledge remains an integral part of the modelling
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process, rather than being fully replaced by data-driven algorithms. In addition, the semi-
automated approaches offer greater control over the features being modified, allowing for
more targeted and interpretable synthesis of streamflow series.

3.2. Parametric Versus Non-Parametric

Parametric approaches assume a specific probability distribution or functional form
for the underlying data. These models require parameter estimation and are often more in-
terpretable but may be restrictive if the data deviates from assumed distributions. Examples
include:

Thomas-Fiering model

Autoregressive (AR), ARMA, and ARIMA models
Pearson Curve Fitting

Modified Fractional Gaussian Noise (mFGN)

Non-parametric approaches avoid explicit assumptions about data distribution and
are often data-driven and flexible, suitable for complex, nonlinear, or poorly understood
systems. Examples include:

K-nearest neighbours (k-NN)

Moving Block Bootstrap (MBB)

Method of Fragments (MoF)

Monte Carlo resampling without distribution fitting

Streamflow synthesis models can be broadly categorized into parametric and non-
parametric approaches, each with distinct assumptions, methodologies, and applications.

Parametric approaches rely on the assumption that streamflow data follow specific
probability distributions or time series structures. Such models are often built using statisti-
cal formulations such as autoregressive (AR), Markov chains, or multivariate distributions.
A key strength of parametric models lies in their simplicity, interpretability, and relatively
low data requirements. For example, Pereira et al. [131] utilized a multivariate lognor-
mal AR(1) model for monthly streamflow disaggregation, enabling analytical evaluation
of drought severity and economic impacts. Similarly, Kim and Valdes [132] proposed a
semi-nonparametric (SNP) model to reproduce multimodal and persistent characteristics
of monthly precipitation and temperature.

However, parametric models may struggle to capture the nonlinearity, asymmetry,
and extreme behaviour present in many hydrological records. As a result, non-parametric
approaches have gained prominence, especially since the 1990s, offering greater flexi-
bility by avoiding rigid distributional assumptions. These models are data-driven and
often rely on resampling techniques, such as the Moving Block Bootstrap [133], K-nearest
neighbours [134], and kernel density estimation [135,136]. Non-parametric methods are
particularly adept at preserving empirical characteristics like skewness, multimodality,
long-term dependence, and time irreversibility, features that are difficult to incorporate
into traditional frameworks.

Hybrid approaches have also emerged, combining parametric structure with non-
parametric flexibility. For instance, Srinivas & Srinivasan [100,137] developed hybrid
models that pre-whiten residuals using periodic AR models and resample them using
matched or moving block bootstraps. These methods capture both linear autocorrelation
and nonlinear variability, showing improved reservoir performance modelling.

Recent advances further extend non-parametric methods through optimization tech-
niques. Borgomeo et al. [138] employed simulated annealing to control persistence and
variability in synthetic monthly streamflow, while Mathai and Mujumdar [139] modelled
multisite hydrograph asymmetry using a semi-parametric framework.
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In summary, parametric models remain attractive for their clarity and computational ef-
ficiency, especially when system behaviour is well understood. In contrast, non-parametric
and hybrid methods offer superior performance for complex, poorly defined systems, and
are particularly effective in capturing diverse hydrologic behaviour across time scales
and regimes.

To summarize the discussion above, Table 1 categorizes the major streamflow synthesis
approaches according to whether they follow a parametric or non-parametric framework.
It can be observed that most methods in the Pre-Era were parametric, while there is a clear
tendency toward non-parametric approaches in more recent decades. It should also be
noted that pattern recognition methods are generally classified as non-parametric, since
they do not assume a specific distribution for the streamflow data itself. However, during
the synthesis stage, the modeller often assumes a probability distribution to generate
features. This assumption does not make the overall model parametric.

Table 1. Categorization of streamflow synthesis methods based on a parametric versus non-
parametric perspective.

Parametric Versus

Era Year/Period Method/Model .
Non-Parametric
1914 Hazen Parametric
Pre-Era (Before 1960) 1927 Sudler Non-parametric
1954 Barnes Parametric
1962 Thomas & Fiering Parametric
1963 Thomas & Burden Parametric
AR, ARMA, .
1970s ARIMA Parametric
1978 Semi-automated
Era 1 (1960-2000) Pattern Recognition =~ Non-parametric *
1980s
System
Higher-order
1990s AR/ARMA, Parametric
GAR (1), PARMA
1990s-2000s ANN Non-parametric
Hybrid AI (ANFIS,
Early 2000s ANN + PARMA, Non-parametric
SVM, Bootstrap)
2010s LST™M Non-parametric
Era 2 (21st Century) 2010s Wavelet-based Non-parametric
2010s mFGN Parametric
Semi-automated
2025 Textural Image Non-parametric *

Pattern Recognition

* Features in this model are assumed to follow a specific probability distribution (e.g., normal) during the
synthesis stage.

3.3. Timescale

The temporal resolution of streamflow data, whether daily, monthly, or annual, should
be selected so that the optimal information can be extracted. Each of these time scales
has different behaviour; for instance, in contrast to yearly and monthly streamflow time
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series, there exist some rapid peaks and exponential recessions in daily streamflow time
series [140].

A review of streamflow time series at various time scales shows the presence of
various short- and long-term persistence characteristics, regular and irregular periodicities,
linear and non-linear dynamics, and chaotic behaviour. Realizing that the governing force
on various systems, including water flow in river systems, is affected by solar energy
input. Each year, the solar energy input to the planet Earth is affected by the presence
of several sunspots. In addition, other unknown and not well-understood interactions
affect the solar energy input to planet Earth, which modulates the hydrological cycle,
which, in turn, affects the water flow in our river systems around the globe. All such
interactions of planet Earth and the solar system introduce numerous short- and long-term
persistence along with regular and irregular dynamics and chaotic behaviour of water
flow in rivers throughout the hydrological cycle. Additional exposition on the nature of
streamflow data in hydrology has been provided, among others, by Panu & Unny, [30,31,55];
Piran & Panu, [32]; Yevjevich [2].

As streamflow is influenced by complex and interconnected hydrological processes
that are not fully understood, consequently some characteristics of streamflow are also not
well understood. However, the performance of synthesis models influences the choice of
time interval, as well as the overall model design. A review of the literature reveals that
most streamflow synthesis studies have focused on monthly time scales.

Figure 3 shows a comparison of different time scales in streamflow synthesis studies
over time. This figure illustrates temporal trends in the use of various time scales. While
monthly and annual models have been equally represented in the earliest period (pre-
1970), monthly models have increasingly dominated in subsequent decades. This shift
reflects a growing interest in capturing periodicity, seasonality, and the distinctive statistical
characteristics associated with monthly streamflow patterns.

On the other hand, finer resolutions, such as daily and hourly streamflow synthesis,
have received comparatively less attention over time. As shown in Figure 5, no studies
used these resolutions before 1980. Daily models began to appear gradually, with a notable
increase in adoption after 2000, peaking between 2001 and 2020. In contrast, hourly models
remain rare, with only a few studies using this high-resolution scale, likely due to the
complexity of modelling sub-daily hydrologic variability and the limited availability of
quality data at such fine time intervals.
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Figure 5. Distribution of streamflow synthesis studies by time scale and decade.
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Moreover, instead of developing fully synthetic models at such fine time scales, hy-
drologists often rely on disaggregation techniques, using coarser flows and disaggregating
them to monthly, weekly, daily or hourly resolutions.

3.4. Disaggregation Models

During the 1980s, hydrologists increasingly recognized that traditional stationary mod-
els such as simple AR and Markov processes were inadequate for capturing the periodic,
non-stationary nature of streamflow data, particularly when modelling monthly and sub-
monthly dynamics from annual series. This realization prompted a shift toward the use of
disaggregation techniques. Researchers sought to generate realistic, high-resolution stream-
flow data that preserved important statistical properties and hydrologic dependencies.
Several seminal studies emerged during this period.

Stedinger and Taylor [34] highlighted how uncertainties in annual streamflow param-
eters could significantly distort reservoir system performance metrics. They compared
Thomas-Fiering and AR(1) models, showing that disaggregation approaches incorporating
fractional Gaussian noise (FGN) and ARMA processes more effectively captured intra-
annual and inter-annual dependencies. In parallel, responding to known flaws in the
Mejia-Rousselle model [141], Stedinger and Taylor [34] proposed an improved disaggrega-
tion framework based on the Valencia-Schaake model [142], modified to include serially
correlated innovations, thus enhancing its ability to represent covariance structures across
time and space. Later, Lettenmaier [143] critically evaluated multi-site, multi-season models
using graphical techniques, revealing biases in higher-order moments and mass balance
inconsistencies. His work underscored the need for more robust seasonal disaggrega-
tion schemes.

Throughout the decade, practical implementations of the disaggregation approach
matured. Stedinger et al. [81] introduced a simplified Bayesian disaggregation approach
that accounted for parameter uncertainty, which was validated through applications on
major U.S. rivers. Bowles et al. [85] demonstrated how disaggregated monthly flows
could inform the operational design and drought resilience for Utah rivers. Grygier
and Stedinger [144] expanded the toolkit by comparing multiple multisite disaggregation
models, finding the SPIGOT and SPC models to rival the more established Valencia-Schaake
method in realism and practicality. Savic et al. [145] illustrated that the accuracy of reservoir
design models depended heavily on their ability to capture low-flow extremes, with
disaggregation models again playing a central role in bridging the gap between statistical
fidelity and operational reliability. Finally, Kuo and Sun [146] developed efficient single-
and multi-month models to disaggregate monthly to ten-day flows, showing excellent
mean flow preservation.

The evolution of Al also began to influence disaggregation modelling approaches in
the 2000s. A notable example is the study by Ochoa-Rivera et al. [147], which implemented
three different stochastic models, such as ARMA(1,1), Long-Term Correlated Disaggrega-
tion (LCD), and a Multilayer Perceptron Artificial Neural Network (MLP-ANN) to generate
synthetic monthly inflows for simulating the operation of the Jacar River Water Resources
System (WRS) using the AQUATOOL decision support system. Among the models evalu-
ated, the MLP-ANN showed superior performance in preserving key hydrological features
such as memory and drought persistence, outperforming the ARMA model and demon-
strating results comparable to the more traditional LCD model. Importantly, the MLP
required fewer parameters than LCD, making it both computationally efficient and easier
to calibrate.

The need for finer temporal resolution in water resource management and hydrologi-
cal modelling grew, and thus Nowak et al. [134] and You et al. [115] disaggregated a higher
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resolution time scale to a daily streamflow level. Furthermore, You et al. [115] investigated
the ability of synthetic streamflow models to reproduce hydro-ecological patterns using
daily flow data from the Tamsui River watershed. A range of models was tested, and
most of them performed well in simulating monthly/high flows, but low flows remained
challenging. Annual to daily disaggregation provided good results for long-term simula-
tion, while modified k-NN with nonparametric disaggregation captured flow variability
effectively. Shot noise models are less favourable due to numerical biases.

Nowak et al. [134] used a simple, data-driven nonparametric approach that disaggre-
gates annual flows directly into daily flows at multiple locations by resampling daily flow
proportion vectors conditioned on annual flow. The method captures historical statistics
well, generates continuous daily flows consistent with lag correlations, and preserves
summability (additivity). The approach is computationally efficient and flexible, suitable
for natural flow regimes. It compares favourably with other disaggregation techniques in
accuracy and complexity.

These developments underscore the growing importance of high-resolution stream-
flow synthesis for modern water resource planning and ecological analysis. As hydrologists
continue to seek realistic representations of flow variability, disaggregation models, espe-
cially those incorporating nonparametric and machine learning techniques, are proving
essential for bridging temporal scales. The continued refinement of these methods will be
crucial in addressing challenges related to climate variability, drought management, and
integrated water systems modelling.

3.5. Transfer Learning: Pattern Recognition Approaches

In all approaches discussed thus far, whether parametric, non-parametric, traditional,
or transformation-based (i.e., non-pattern recognition approaches), the streamflow (Q;) at
time t is synthesized as a function of its past values Q; = f(Q;_¢), where Q;_ represents
past streamflow values with a time lag k. In other words, regardless of the model type, the
function f is learned entirely from the same dataset on which it will be applied, and thus, it
is a non-transfer learning.

On the other hand, transfer learning involves first extracting features from one dataset
and then using those features for a different but related task, such as synthesis, prediction,
or classification. In this context, the streamflow at time t can be represented as Q; = f(F),
where F denotes the vector of extracted features.

Streamflow synthesis using a pattern recognition system, therefore, operates within a
transfer learning framework. In pattern recognition techniques, features are first extracted
from the streamflow data. These features are then synthesized based on the statistical
properties of the features and their intra- and inter-pattern dependence structures. The
synthesized features are subsequently transformed back into the streamflow series. Feature
extraction stands as a pivotal step in the overall process, as it directly impacts the accuracy
and reliability of the synthesized streamflow. In other words, the manner in which features
are extracted significantly affects the accuracy of the results [148].

In general, feature extraction methods can be categorized into semi-automatic (manu-
ally with machine assistance) and automatic approaches. Semi-automatic feature extraction
involves the expertise of domain specialists who, with the help of computational tools,
manually select, devise, or design relevant features based on the objective, such as synthe-
sis, forecasting or data infilling, and the contextual understanding of the specialist of the
specific hydrologic time series. During the 1970s, a group of researchers [54] utilizing the
concepts of pattern recognition pioneered the development of a semi-automated feature
extraction model for stochastic streamflow synthesis. Subsequently, through a series of
research contributions, Panu and Unny [30,31,55] further enhanced the efficacy of the
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feature extraction model. The utility of pattern recognition concepts in the analysis and
synthesis of time-dependent hydrologic data was further explored and enhanced through
a seminal contribution to advances in hydroscience [140]. More recently, Studnicka and
Panu [52,130], utilizing the concepts of textural pattern recognition, developed a novel
stochastic streamflow synthesis model designed to capture both short-term and long-term
temporal dependencies in streamflow data. The approach begins by encoding streamflow
time series into textural grayscale images, where variations in flow magnitudes are repre-
sented as pixel intensities. A semi-automated feature extraction method is then applied to
identify 2D correlations across both short- and long-term temporal dimensions.

It can therefore be said that the semi-automated approach balances complexity and
control. It ensures that domain knowledge remains an integral part of modelling processes,
rather than being fully replaced by data-driven algorithms. In addition, the semi-automated
approaches offer greater control over the features being designed and/or modified, allow-
ing for more targeted and interpretable synthesis of streamflow series.

To provide a clear overview of the various streamflow synthesis methods dis-
cussed above, Table 2 summarizes the main approaches, their key characteristics, and
typical applications.

Table 2. Summary of Streamflow Synthesis Methods.

Approach

Key Features

Advantages

Limitations

Traditional Models
(Thomas-Fiering,
AR-Family, Markovian)

Parametric, linear
regression, autoregressive
time series, parametric

Simple, interpretable,
low data requirement;
captures autocorrelation

Limited to linear
dependencies; assumes
stationarity; may not
capture extremes

AI/ML Models (ANN,
ANFIS, LSTM, SVR/SVM,
K-NN), and
hybrid approaches

Data-driven, nonlinear,
deep learning + fuzzy logic

Captures nonlinear
and long-term
dependencies; flexible;
handles uncertainty

Requires large datasets;
tuning complexity; opaque
model (especially LSTM)

Decomposition Input
Methods (Wavelet,
Fourier/DFT-based)

Transformation-based,
frequency domain,
nonparametric

Preserves statistical
properties; captures
patterns at multiple scales

Computationally intensive;
less intuitive; may
not directly
generate predictions

Pattern Recognition-Based
Systems (Traditional
and Textural)

Feature extraction,
classification of
flow patterns

Captures complex flow
regimes; identifies
recurring patterns; flexible
for seasonal scale

Requires
structured /labelled data

4. Evaluation Approaches for Synthetic Streamflow

Approaches to evaluate synthetic realizations are directly influenced by the under-
standing of historical streamflow characteristics and the ability to quantify those properties.
For example, when the behaviour of a streamflow realization is known to be complex
but cannot be quantified, such characteristics cannot be employed as evaluation criteria.
Furthermore, the use of synthetic streamflow in operational hydrology has established
a practical framework through which streamflow synthesis can be evaluated. Figure 6
presents various evaluation criteria used for assessing synthetic streamflow realizations.
Moreover, the evolution of these criteria over time is presented in the section to follow.
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Figure 6. Classification of evaluation criteria commonly used to assess synthetic
streamflow realizations.

The operational performance of the reservoir system can be quantitatively assessed
using the metrics of reliability, resilience, and vulnerability [149]. Reliability measures the
frequency with which the system successfully meets demand over the simulation period,
reflecting the ability of the system to provide continuous service. Resilience quantifies
how quickly the system recovers after a failure event, and vulnerability represents the
average magnitude of deficit when failure occurs. Together, these indicators provide a
comprehensive view of system performance under different hydrologic scenarios generated
by the stochastic models. Furthermore, extreme event simulation, including drought
duration, deficit volume, and flood magnitude, can be used to evaluate how models
reproduce critical hydrologic extremes that affect reservoir operations. By integrating these
quantitative metrics with the stochastic S-Y-R framework, the analysis extends beyond
traditional reliability estimation to assess the practical robustness and adaptability of the
reservoir system under variable and changing hydrologic conditions.

The consistent dominance of Preserving Stochastic Characteristics as an evaluation
criterion is illustrated below in Figure 7, which highlights the foundational importance
of maintaining key statistical properties, such as autocorrelation, variance, and long-term
persistence, in synthetic streamflow generation. Distributional Consistency follows closely,
as matching the statistical distribution (e.g., via PDF or CDF comparisons) ensures that
synthetic flows reflect variability and extremes present in historical records. In contrast,
Error-Based Performance Metrics attracted comparatively less attention, particularly in earlier
decades, likely because they are primarily suited for calibration and validation in data-
driven or machine-learning models. Their increased use after 2000 aligns with the broader
adoption of machine learning approaches in hydrology, where minimizing error terms like
MSE or NSE became central to model optimization.

B Preserving Stochastic Characteristics ~ ODistributional Consistency
B Error-Based Performance Metrics Operational Performance Metrics

\§ V§ N
I8 Iﬂ v I 1\

1971-1980 1981-1990 1991-2000 2001-2010 2011-2020 2021-now
Time

Figure 7. Temporal evolution of evaluation criteria used in synthetic streamflow studies.
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The attention to matching probability distributions has led to the application of trans-
formation techniques in streamflow synthesis, primarily rooted in the assumption of
normality underlying many parametric approaches.

5. Transformation Techniques in Streamflow Synthesis

In response to the assumption of normally distributed data inherent in AR-family
models, transformation techniques have evolved, which involve applying a transformation
to convert non-normal data into a normal distribution; that is, the data transformation is
converting the format of data and its structure or values to conform to a set of normally
distributed data. Tools and technologies used for data transformation can vary widely
based on the format, structure, complexity, and volume of the data being transformed.
One commonly used transformation method is the Box-Cox transformation, which is
defined as y(A) = {(yA N 1)/./\ ifA#0

In(y)if A =0

transformation parameter, which varies from —5 to 5. All values of A need to be considered,

, where y represents the original data and A is the

and the optimal value for the data should be selected. The optimal value is the one which
results in the best approximation of a normal distribution [5]. To find the optimal value of
A, Hinkley [150] proposed a method based on choosing a symmetrizing transformation at
which A is restricted to —1, 0, 0.5, 1, and 2. A symmetrizing transformation is determined
to make the degree of asymmetry in the sample (d, = (mean — median) /sample scale) as
small as possible (approximately zero). However, it is important to note that finding
the ideal A value can be challenging, adding complexity to the transformation process.
Additionally, the Box—Cox transformation is known to be sensitive to outliers [151]. In a
mathematical contribution, Matalas [3] provided a solid foundation for creating synthetic
streamflow, where he addressed essential aspects such as operational bias and the necessity
for synthetic flows to adhere to a specific distribution. The fundamental generating process
for synthetic flows was based on a lag-one Markov process, characterized by mean, variance,
and lag-one autocorrelation. The significant focus on Markov chain models, which do not
necessitate the transformation of data into a normally distributed realization, is evident in
the literature [42,152-155].

The release of the book entitled “Time Series Analysis, Forecasting and Control,” by
Box and Jenkins in 1970, has been a catalyst for hydrological research to shift its focus
toward parameter verification, condition assessment, and assumption validation of mod-
els [5]. This book brought increased attention to the study of models themselves, prompting
researchers to delve deeper into their insights and provide a more detailed statistical and
mathematical infrastructure for parameter estimation and verification [1,34].

5.1. Effects of Transformation in Streamflow Synthesis

Various transformation techniques can be applied as a pre-processing step to improve
the statistical properties of streamflow data and enhance the performance of synthesis
models. The following subsections summarize key effects of such transformations on
streamflow data.

5.1.1. Improved Normality and Distributional Fit

Transformations, particularly log and Box-Cox, were widely used to reduce skewness
and approximate normality, which is often assumed by parametric models like ARMA or
GAR(1). For instance:

e Bayazit et al. [98] showed that Box-Cox transformations reduced original skew-
ness (~0.74) to near zero, improving the consistency between simulated and his-
torical distributions.
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e  Siegerstetter & Wahlif3 [156] successfully reproduced multivariate statistics (mean, SD,
correlation) after transforming data using log and Pearson Type III methods.

5.1.2. Preservation of Statistical Characteristics

Many studies reported that transformation allowed for better reproduction of key
statistical features:

e  Green [157] noted that log transformation enhanced performance, particularly for
general synthesis, though it remained inadequate for extremes.

e  Markovi¢ et al. [116] showed improved fit to observed statistics (e.g., autocorrelation,
cross-correlation, extremes) using log-transformed flows.

5.1.3. Reduced Negative Flow Rates

Transforming streamflow data helped reduce the incidence of negative flow, a common
issue in untransformed models. For instance, Siegerstetter & Wahlif3 [156] reported just
0.05% negative values after transformation.

5.1.4. Improved Model Stability and Parameter Estimation

Transformations contributed to numerical stability, particularly for small sample sizes
or skewed data:

e Fernandez & Salas [86] showed that the GAR(1) model performed well without trans-
formation due to bias correction, but most other studies still relied on transformation
to avoid parameter bias.

e  Guimaraes & Santos [158] used Wilson-Hilferty to normalize flows, which helped
produce accurate reservoir storage estimates with stable monthly statistics.

5.1.5. Limitations Remain for Extremes and Long-Term Persistence

While transformations generally improved model performance, reproduction of ex-
tremes and long-memory characteristics (e.g., persistence, Hurst behaviour) remains chal-
lenging:

e Green [157] acknowledged that even after transformation, performance for ex-
treme/high flows was weak.

6. Publication Trends in Streamflow Synthesis Research

The reviewed studies were organized to highlight two key trends in the field of
streamflow synthesis: the geographical distribution of applications and the journals most
actively publishing related research.

6.1. Geographical Distribution of Streamflow Synthesis Studies

The number of streamflow synthesis studies sorted by country is displayed in Figure 8.
The United States dominates the field, contributing 70 studies, more than four times the
output of the next leading country, Canada (15 studies). This highlights the long-standing
emphasis of various institutions on synthetic hydrology in the United States.

Since the emergence of streamflow synthesis techniques in the mid-20th century,
North America has remained a focal point. However, in the 21st century, research ac-
tivity has become increasingly globalized. Notably, countries such as India (11 studies),
Turkey (8 studies) and China (6 studies) have shown growing engagement. In Europe,
Germany leads with six contributions, reflecting its active participation in advancing syn-
thetic hydrology. This trend demonstrates the expanding global interest in the synthetic
streamflow field.
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Figure 8. The number of streamflow synthesis studies by country.

6.2. Leading Journals in Streamflow Synthesis Research

30 40

50

Number of Studies

60 70 80

This section considers all journals that have published studies related to streamflow

synthesis, including those where synthetic methods were applied, discussed, or where the

methodology itself was the focus of research.
Table 3 summarizes the number of publications and the first year of appearance for

journals that have published research related to streamflow synthesis. The most active
journals in this field are Water Resources Research (50 publications, first published in 1967),
Journal of Hydrology (25 publications, since 1963), and the Journal of the American Water
Resources Association (9 publications, since 1974). The Journal of Hydrology was the first to
publish research on streamflow synthesis in 1963. Notably, the Journal of the Hydraulics
Division, which began publishing streamflow synthesis research in 1965, is no longer in

publication.

Table 3. Summary of journals that have published research on streamflow synthesis.

Journal Number of Publications First Year of Publication
Water Resources Research 50 1967
Journal of Hydrology 25 1963
el of e A Wi :
Journal of Hydrologic Engineering 8 2000
Journal of the Hydraulics Division 8 1965
Hydrological Processes 8 1996
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Table 3. Cont.

Journal Number of Publications First Year of Publication
Hydrological Sciences Journal 8 1990
Water Resources Management 7 1974

Stochastic Environmental Research

and Risk Assessment 4 2008
Journal of Water Resources 4 1936
Planning and Management

Hydrology md Earth 3 2002

System Sciences
Caﬁqdzan ]Qurngl of 3 1980
Civil Engineering
Developments in Water Science 3 1982
Journal of Hydraulic Engineering 3 1990
Advances in water resources 3 2001

Stochastic Hydrology and Its Use
in Water Resources Systems 3 1993
Simulation and Optimization

Environmental Modelling &

Software 2 2014
Hydrology Research 2 2011
Journal of Hydrology
(New Zealand) 2 1968
Water 1 1990
Turkish Journal of Engineering &
) . 1 2000
Environmental Sciences
Environment International 1 1995
Regulated Rivers: Research &
Management: An International 1 1999
Journal Devoted to River Research
and Management
Journal of Applied Statistics 1 2004
Journal of Spatial Hydrology 1 2005
]oumal of irrigation and 1 2006
drainage engineering
Atmosphere-Ocean 1 2012
Water and Environment Journal 1 2012
Amfzrlcaﬁ Journal of 1 2013
Engineering Research
Eur. Water 1 2017
Applied Water Science 1 2019
Authorea Preprints 1 2024

7. Concluding Remark

This review has comprehensively traced the historical evolution, methodological ad-
vancements, and evaluation practices in stochastic streamflow synthesis. From the early
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reliance on autoregressive models to the contemporary integration of Al and machine
learning, the field has demonstrated a dynamic progression aligned with both computa-
tional developments and hydrological demands. The increasing diversity in evaluation
criteria, ranging from statistical consistency to operational applicability, reflects a maturing
discipline that seeks both realism and utility. Moreover, the global expansion of research
and the broadening journal presence indicate growing interest and relevance across regions
and sectors. Moving forward, addressing challenges such as capturing extremes, incorpo-
rating non-stationarity, and enhancing data-driven model interpretability will be crucial in
shaping the next era in synthetic hydrology.

8. Future Direction

The rapid advancement of AI/ML, particularly through tools such as ChatGPT and
other automated systems, has significantly transformed research workflows. These tech-
nologies offer unprecedented support, streamlining tasks that once required substantial
time and effort. However, this increasing reliance raises a critical question: Are we at risk
of becoming intellectually passive?

While it is entirely appropriate and often necessary to leverage AI/ML tools, it is
equally important to advocate for the development and use of semi-automated models
such as the semi-automated textural pattern recognition model recently developed by
Studnicka & Panu (2025b, 2025c¢). These models offer a balanced approach since they en-
hance efficiency while still requiring human input, interpretation, and critical engagement.

Such frameworks not only ensure that we maintain a deep understanding of our
methodologies and data, but they also foster continued learning and encourage innovative
problem-solving. It is, in this sense, that semi-automation acts as a safeguard against intel-
lectual complacency and promotes the thoughtful integration of Al into research processes.

Therefore, future research should emphasize critical thinking. This could involve
developing more semi-automated models that help uncover new aspects of hydrologic
processes or creating enhanced quantification methods that make AI/ML tools more
transparent and interpretable.
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