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Abstract

This paper presents a hybrid algorithmic framework for nonparametric multisite daily
streamflow simulation, evaluated on 52 years of observed data from three hydrological
stations. The method generates streamflow data of 1000 synthetic years while preserv-
ing marginal distributions, daily rank structures, inter-station consistency, annual-sum
behavior, and dependence across consecutive years. The workflow integrates Monte Carlo
sampling, Schaake-shuffle reordering, block-mosaic reconstruction with partial freezing,
Hungarian assignment optimization, annual-sum matching, and an adaptive permuta-
tion genetic algorithm for year-order optimization. The results show that the proposed
algorithm improves aggregate hydrological diagnostics, particularly annual-sum autocorre-
lation, hydrological indices, persistence, seasonality, and timing of extremes, while reducing
runtime in the final optimization phase by 45.2% compared to the benchmark algorithm.
The study therefore formulates daily streamflow simulation as a constrained time-series
reconstruction and permutation-optimization problem, making the method suitable for fur-
ther algorithmic development and other multisite environmental time-series applications.

Keywords: daily streamflow; genetic algorithm; Hungarian algorithm; multisite time series;
nonparametric simulation; permutation optimization; Schaake shuffle

1. Introduction
Long synthetic multisite time series are important for reliability analysis, planning,

and stress testing of systems whose behavior cannot be fully evaluated from short observed
records alone [1–5]. In daily streamflow simulation, the main algorithmic challenge is not
only to reproduce marginal distributions, but also to preserve seasonal behavior, auto-
correlation, cross-site dependence, local continuity, and transitions between consecutive
years. These requirements make the generation problem a constrained-reconstruction and
ordering task rather than a simple random-sampling problem.

From an algorithmic standpoint, this task can be formulated as a constrained stochastic
time-series reconstruction problem. After values are generated from empirical or nonpara-
metric distributions, they are arranged in a synthetic data matrix G ∈ Rngen×M, where ngen

is the number of generated synthetic years and M = K × T is the number of station–day
variables, with K denoting the number of stations and T the number of time steps per year.
Rows therefore represent generated synthetic years, while columns represent station–day

Algorithms 2026, 19, 541 https://doi.org/10.3390/a19070541

https://crossmark.crossref.org/dialog?doi=10.3390/a19070541&domain=pdf&date_stamp=2026-07-03
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/algorithms
https://www.mdpi.com
https://orcid.org/0000-0002-7976-0680
https://orcid.org/0000-0003-1585-9400
https://orcid.org/0000-0002-9996-0540
https://orcid.org/0000-0002-4375-1096
https://doi.org/10.3390/a19070541


Algorithms 2026, 19, 541 2 of 32

variables. The generated matrix must then be rearranged so that it simultaneously re-
spects rank structure, inter-series coherence, annual-scale behavior, and local temporal
continuity. The problem therefore belongs to the broader class of sequence-reordering,
constrained-reconstruction, and permutation-optimization problems.

Nonparametric approaches are suitable for this setting because they avoid strong as-
sumptions about distributional form and infer the relevant marginal and dependence struc-
tures directly from historical observations. Kernel methods, bootstrap-based approaches,
k-nearest-neighbor resampling, and reordering procedures have therefore become im-
portant tools in stochastic hydrological simulation and related environmental time-series
applications [5–9].

Streamflow simulation can be approached through process-based, data-driven, and
stochastic-synthesis paradigms. Process-based and conceptual rainfall–runoff models
represent water-balance, storage, routing, and transformation processes and generally
require meteorological forcing, catchment descriptors, calibration data, and assumptions
regarding model structure. Data-driven and AI-based models learn relationships be-
tween predictors—such as precipitation, temperature, antecedent discharge, and catchment
attributes—and concurrent or future streamflow. Recent studies have demonstrated strong
predictive performance, including in large-sample and ungauged-basin applications, but
have also shown that performance depends on the coverage of the training data and that
extrapolation beyond the training regime remains challenging [10–16].

These paradigms address a different primary objective from that of the present
study. This distinction is also consistent with recent comparative analyses indicating
that process-based and data-driven runoff models respond differently to data availability,
predictor structure, and transfer conditions, whereas stochastic synthesis targets the statisti-
cal reproduction of observed records rather than conditional prediction [17]. Process-based
and supervised AI models are mainly used to simulate or predict discharge conditional on
meteorological and catchment inputs. The present work instead addresses unconditional
stochastic synthesis: it generates many plausible multisite daily streamflow realizations
from observed streamflow records alone. Recent stochastic-synthesis studies likewise
emphasize multisite coherence and spatiotemporal dependence preservation as core re-
quirements when constructing long synthetic streamflow ensembles [18,19]. Therefore, the
proposed method is not presented as a universal alternative to process-based or AI-based
models. Its specific advantage concerns applications in which the required output is a long
ensemble of synthetic scenarios that explicitly preserves several empirical distributional
and dependence properties simultaneously.

In practical terms, the generated values for each station and calendar day should re-
produce the historical distribution across years; low, medium, and high flows should be ar-
ranged into plausible daily hydrographs; and flows at three analyzed streamflow-gauging
stations should remain mutually coherent because the stations are located along the same
river system. The generated series should also reproduce relatively dry and wet years,
annual-sum persistence, and dependence at transitions between consecutive years. Stan-
dard supervised forecasting models do not guarantee the simultaneous preservation of all
these properties unless they are explicitly incorporated into the model architecture, loss
function, or post-processing procedure.

These requirements motivate the modular structure of the proposed workflow. Monte
Carlo sampling controls the empirical value distribution for each station–day variable. The
Schaake shuffle transfers historically observed rank templates without changing the sam-
pled value set. Block-mosaic reconstruction with partial freezing introduces local memory
between adjacent daily blocks. The Hungarian algorithm solves the resulting one-to-one
reassignment problem under a cost function combining continuity and correlation-profile
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similarity. Annual-sum matching corrects selected low-ranked annual scenarios through
synchronous multisite swaps. Finally, the adaptive permutation genetic algorithm orders
complete synthetic years so that annual-sum autocorrelation and cross-year-boundary
dependence are reproduced as closely as possible.

The methodology introduced by Ilich & Despotovic [20] and further developed by
Marković et al. [21,22] is used here only as a benchmark for controlled quantitative compar-
ison. This benchmark was selected because its diagnostic indicators are comparable with
those used in the present study and because it provides a reproducible nonparametric mul-
tisite generation framework. The present study addresses a daily-resolution case directly:
each synthetic year contains 365 daily values per station, and the three-station configura-
tion produces 1095 station–day variables per synthetic year. This high-dimensional daily
structure substantially increases the size and complexity of the reordering problem and
motivates the formulation of the proposed algorithm as a constrained-reconstruction and
permutation-optimization workflow.

Several established algorithmic components are relevant to this reconstruction prob-
lem. The Schaake shuffle reconstructs space–time rank dependence by transferring histori-
cal rank patterns to generated values without changing their marginal distributions [23,24].
Assignment optimization, including the Hungarian algorithm, provides a formal mecha-
nism for selecting locally coherent rearrangements under a cost function [25,26]. Genetic
algorithms are suitable for the final year-ordering problem because a candidate solution
can be naturally represented as a permutation of synthetic years [27–30].

Recent algorithmic studies also support this computational framing. Evolutionary
and stochastic optimization methods are widely used for complex search problems [31],
genetic algorithms have been applied to sequence ordering and periodicity recognition [32],
and hybrid nonparametric–evolutionary procedures have been proposed for sampling and
reconstruction tasks [33]. In hydrological and environmental applications, related ideas
have also appeared in nonparametric streamflow disaggregation and representative time-
series construction [34,35]. These works are not direct hydrological analogs of the present
study, but they demonstrate the relevance of evolutionary search, sequence ordering, and
hybrid nonparametric–evolutionary design in algorithmic research.

The aim of this paper is to present a modular hybrid algorithm for daily multisite
streamflow simulation. The proposed workflow consists of nonparametric daily-value
generation, rank-preserving reordering, block-wise reconstruction with partial freezing,
assignment-based local optimization, annual-sum matching, and adaptive permutation-
based year-order optimization.

The contribution of the paper is threefold. First, multisite daily streamflow sim-
ulation is formulated as a constrained time-series reconstruction and permutation-
optimization problem. Second, the proposed algorithm integrates Schaake-shuffle re-
ordering, block-mosaic reconstruction, Hungarian assignment, and annual-sum matching
into a unified daily-resolution workflow. Third, the final year-ordering stage is solved
using an adaptive permutation-based genetic algorithm, which reduces the runtime of
the most demanding optimization phase while improving several aggregate diagnostic
indicators. In this context, the proposed method is evaluated not only as a tool for hydro-
logical simulation, but also as an algorithmic framework for constrained reconstruction
and permutation-based optimization of multisite environmental time series.

Algorithmic Novelty and Contribution

The novelty of the proposed workflow does not lie in the isolated use of Schaake
shuffle, Hungarian assignment, or a genetic algorithm, since these are established methods.
The contribution lies in the way these components are combined into a single constrained-
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reconstruction workflow for daily multisite time series. In the proposed formulation, each
synthetic year is treated as a row object and each station–day combination as a variable, so
the task becomes a structured reordering problem over a high-dimensional matrix rather
than a conventional univariate simulation problem. This formulation is the basis for the
algorithmic contribution of the paper.

The first algorithmic contribution is the use of rank-preserving reconstruction as an
intermediate dependence-restoration layer. The Schaake-shuffle step transfers the observed
daily rank structure to independently generated values while preserving the generated
marginal distributions. This creates a dependence-aware starting point for later local
optimization and avoids relying only on a target correlation matrix.

The second contribution is the block-mosaic procedure with a partial-freeze mecha-
nism. Instead of applying one global reordering to the entire synthetic matrix, the daily
sequence is processed through variable-length blocks. A fixed proportion of row identities is
carried from the previous block, while the remaining moving positions are reassigned. This
creates local memory between adjacent blocks and directly targets unrealistic day-to-day
switching in the generated hydrograph.

The third contribution is the formulation of local rearrangement as an assignment-
optimization problem. For each block, a cost matrix combines a continuity term and
a correlation-profile term. The Hungarian algorithm is then used to select a feasible one-
to-one assignment of moving row positions. In this way, the local reconstruction step is
transformed from an informal heuristic into an explicit optimization subproblem.

The fourth contribution is the annual-sum matching step based on synchronous swaps
across stations. This module adjusts selected low-ranked synthetic years while preserving
cross-station coherence, because every accepted swap is applied to the same day at all
stations. This step links daily reordering with annual-scale distributional behavior and is
particularly important for low-flow scenarios.

The fifth contribution is the use of an adaptive permutation-based genetic algorithm
for final year ordering. Each chromosome represents a complete ordering of synthetic
years, and the fitness function jointly evaluates annual-sum autocorrelation and year-
boundary dependence. This reformulation places the final stage within the class of
permutation-optimization problems and improves scalability when the number of gener-
ated years is large.

Taken together, these components define a modular algorithmic workflow that can be
adapted to other multisite environmental time series where values must be generated first
and then rearranged under multiple statistical and structural constraints.

2. Materials and Methods
2.1. Data, Notation, and General Framework

The data analyzed in this study come from three hydrological stations located in
Serbia—Devići, Mlanča, and Ušće—which are denoted in Section 3 as S1, S2, and S3, re-
spectively, for brevity. The observed dataset consists of nobs = 52 years of daily streamflow
at K = 3 hydrological stations, with each year containing T = 365 daily values per station.
Based on this sample, ngen = 1000 synthetic years are generated, so that the total number
of daily variables per year is M = K × T = 1095.

In this matrix-based formulation, a marginal station–day distribution means the
empirical distribution formed by one column of values; for example, all historical values
recorded on the same calendar day at the same station across the observed years. A rank
pattern describes only the relative order of values, i.e., which years are low, medium, or
high for a given station–day variable, rather than their exact magnitudes. Preserving these
properties means that the synthetic matrix should contain realistic values for each day
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and station and should arrange them in a way that resembles observed dry, normal, and
wet periods.

The intended application of the proposed algorithm is the generation of long syn-
thetic multisite daily streamflow sequences when only observed streamflow records are
available and when preservation of empirical distributional and dependence properties is
required. The required input is an observed daily streamflow matrix containing complete
annual records for all stations. The output is a synthetic daily streamflow matrix with
a user-defined number of generated years, preserving the main marginal, temporal, inter-
station, annual-scale, and interannual characteristics of the observed record. The algorithm
is most suitable for applications such as stochastic scenario generation, reliability analysis,
stress testing, and water-resources planning, where long synthetic streamflow records
are needed. Still, the objective is not event forecasting from meteorological predictors.
The method is most appropriate when the observed record is sufficiently long to estimate
seasonal ranks, dependence patterns, and annual-sum behavior, and when the generated
series are intended to reproduce the statistical structure of the historical period.

The method assumes that the historical record adequately represents the hydrocli-
matic regime to be reproduced. It is therefore not intended to extrapolate directly to
conditions outside the empirical support of the observed record unless additional non-
stationary information or modified input scenarios are introduced. No universal min-
imum record length is prescribed, but shorter records provide fewer independent val-
ues for estimating station–day distributions, rank templates, annual-sum behavior, and
interannual dependence.

The observed dataset is arranged in a matrix O of dimension nobs × M, whereas the
synthetic dataset after the first step is denoted by G and has dimension ngen × M. The
columns are grouped by station, so that the block of columns associated with a station
contains days 1 to 365 for that station.

O =
[
oij

]
, i = 1, . . . , nobs, j = 1, . . . , M, M = K × T = 3 × 365 = 1095 (1)

Linear dependence between any two variables is measured by the Pearson correlation
coefficient, which is used in the dependence-reconstruction and evaluation steps.

ρij =
∑t (oi,t − oi)

(
oj,t − oj

)√
∑t (oi,t − oi)

2 × ∑t
(
oj,t − oj

)2
(2)

In the present study, the notation is written for a general number of time steps T while
T = 365 days is used in the numerical implementation. In the final year-ordering step,
a four-day segment at the end and at the beginning of adjacent years is considered, and
13 lags are used for annual-sum autocorrelations.

Tables 1 and 2 provide a compact summary of the workflow, but the following subsec-
tions describe the same modules at the data-operation level. In brief, Step 1 controls the
distribution of values for each station and calendar day; Step 2a controls the rank ordering
of low and high values; Step 2b controls day-to-day continuity through block memory and
assignment; Step 2c controls annual water volume, especially for low-flow years; and Step
3 controls the order of complete synthetic years.
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Table 1. A conceptual comparison of the benchmark and proposed algorithms.

Aspect Benchmark Algorithm Proposed Algorithm Expected Effect

Step 1 Monte Carlo generation from
nonparametric distributions

Nonparametric generation
from empirical distributions

Preservation of marginal
distributions

Step 2 Iman–Conover reordering
for target correlations

2.a. Schaake shuffle +
2.b. block mosaic +
2.c. annual sums

Finer control of daily
structure and annual sums

Step 3
Permutation of years
using row-swap search
and calculation of function D

Adaptive permutation using
genetic algorithm

Reduced computation time
and improved scalability

Daily continuity Not explicitly optimized
through local blocks

Explicitly introduced through
blocks and partial-freeze

More natural transitions
between adjacent days

Optimization
strategy

Heuristic examination
of row swaps

Metaheuristic search over
a population of permutations

Faster identification of
good solutions

Table 2. The algorithmic modules and expected diagnostic contribution of the proposed workflow.

Module Algorithmic Role Key Parameters Expected Diagnostic
Contribution

Step 1: Nonparametric
Monte Carlo generation

Samples independent daily
values from
empirical/nonparametric
distributions

station, day, ngen
preserves marginal
distributions

Step 2a: Schaake-shuffle
reordering

Transfers observed rank
structure to generated values bootstrap analog years improves rank-structure

preservation

Step 2b: Block mosaic +
partial freeze +
Hungarian assignment

Reorders daily blocks with
local memory and assignment
optimization

Bmin, Bmax,
keepFrac, wcorr

improves local continuity
and inter-series coherence

Step 2c: Annual-sum
matching

Adjusts low-ranked
annual-sum scenarios through
synchronous swaps

GMIN, minK
improves annual-sum and
low-flow year
representation

Step 3: Adaptive
permutation GA

Optimizes final ordering of
synthetic years

w1, w2, maxLag, W,
population, mutation,
crossover

improves interannual
ordering and scalability

Each module was selected in a way to modify a different part of the synthetic matrix
while preserving properties established by the preceding modules. Step 1 samples values
independently for each station and calendar day, thereby establishing realistic station–day
value distributions but not determining which values should be combined to belong to
the same synthetic year. Step 2a then performs a rank-based permutation: it changes
positions of the sorted values in synthetic years, while preserving the sampled values
and their marginal distributions. Step 2b operates on consecutive daily blocks. Partial
freezing carries selected synthetic-year identities from one block to the next, whereas the
Hungarian algorithm assigns the remaining identities in one-to-one mapping so that local
discontinuities and discrepancies in correlation profiles are jointly reduced.

Step 2c targets a property not explicitly controlled by the preceding daily reorder-
ing steps—the lower part of the annual-sum distribution—and applies every accepted
daily swap synchronously at all stations in order to retain multisite coherence. Finally,
Step 3 changes only the order of already set blocks of data values that belong to synthetic
years. Consequently, it can modify annual-sum autocorrelation and year-boundary de-
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pendence without changing the daily values within any synthetic year. The modules are
therefore complementary rather than interchangeable, and each one addresses a structural
property that is not fully controlled by the preceding operations.

2.2. Proposed Algorithm

The proposed algorithm is organized into three main steps. Step 1 generates
daily synthetic values from nonparametric distributions for each station–day variable.
Step 2 reconstructs the internal organization of the generated daily matrix through
three sub-steps: rank-preserving Schaake-shuffle reordering, block-mosaic reconstruc-
tion with partial freezing and Hungarian assignment, and annual-sum matching by
synchronous swaps. Step 3 determines the final ordering of synthetic years using
an adaptive permutation-based genetic algorithm. The complete workflow, therefore,
separates value generation, daily-structure reconstruction, annual-scale adjustment, and
year-order optimization.

Each component of the workflow was selected to address a different structural re-
quirement of multisite daily streamflow simulation. The nonparametric generation step
preserves empirical marginal behavior without imposing a fixed parametric distribution.
The Schaake-shuffle step is used because it transfers historical rank structures to generated
values and therefore provides an initial dependence-aware ordering. The block-mosaic
partial-freeze step is introduced to reduce unrealistic local switching between consecutive
days and to preserve daily-scale continuity. The Hungarian assignment is used because
the reassignment of moving rows within each block can be formulated as a one-to-one
assignment problem under a cost function combining continuity and correlation-profile
terms. Annual-sum matching is included to correct annual-scale behavior, particularly
for low-flow years, while preserving spatial coherence through synchronous swaps across
stations. Finally, the adaptive permutation genetic algorithm is used because the final
year-ordering task is naturally represented as a permutation-optimization problem, and
exhaustive search is infeasible for 1000 generated years. The complete structure of the
proposed hybrid workflow is summarized in Figure 1.

2.2.1. Step 1: Nonparametric Daily-Value Generation

Step 1 generates the initial synthetic daily streamflow matrix G. For each hydro-
logical station and each day of the year, synthetic values are sampled from the empiri-
cal/nonparametric distribution inferred from the observed record. This stage creates ngen

synthetic years and preserves the marginal behavior of daily streamflow at each station–day
position. At this point, the generated values are not yet arranged so as to reproduce real-
istic temporal continuity, cross-station dependence, annual-sum behavior, or interannual
ordering; these structural properties are addressed in the subsequent steps.

In simple terms, a station–day variable is one column of the data matrix, such as the
values observed on day 1 at station S1 over all historical years. Step 1 samples new values
from the empirical distribution of that column. Therefore, the generated values for a given
day and station have the same type of distributional support as the observed values for
that day and station. However, this operation alone does not group generated values by
year, nor does it determine their chronological order across time.
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Figure 1. A flowchart of the proposed hybrid algorithmic workflow for multisite daily streamflow
simulation. The dashed box denotes the Step 2 reconstruction module, which includes Schaake-shuffle
reordering, block-mosaic partial-freeze reconstruction with Hungarian assignment, and annual-sum
matching. The dash-dotted box indicates the diagnostic evaluation and benchmark comparison used
solely for performance assessment in this study.

2.2.2. Step 2a: Schaake-Shuffle Reordering

Step 2a uses the Schaake shuffle as a rank-based procedure for reconstructing a realistic
arrangement of high and low values. The procedure transfers the rank pattern from
the historical record to the generated values without changing the generated value set
itself [23,24]. In this way, the marginal distributions produced in Step 1 are preserved, while
the generated values are rearranged according to historically observed rank structures.

Because the number of synthetic years (ngen = 1000) is much larger than the number of
observed years (nobs = 52), the historical analog pattern is extended by bootstrap sampling
with replacement. This produces a longer analog series H whose ranks serve as the template
for reordering the sorted generated values [23,24].

im ∼ Unif{1, . . . , nobs}, Hm = Oim , m = 1, . . . , ngen (3)

rm = Rank(Hm), Cm = G(rm), m = 1, . . . , ngen (4)

Here nobs denotes the number of observed years, ngen is the number of generated
synthetic years, and m is the index of the synthetic realization. The variable im is a bootstrap-
selected index drawn uniformly from the set of observed years, so that Oim denotes the
observed value selected from the historical record at draw m. Accordingly, Hm is the m-th
element of the extended analog series H. In Equation (4), rm denotes the rank of Hm within
the analog series H, while G(rm) denotes the rm-th order statistic of the generated series G,
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i.e., the value occupying position rm after sorting G in ascending order. Finally, Cm is the
reordered synthetic value assigned to position m according to the historical rank template.

This procedure preserves the marginal distribution of the synthetic series G while
modifying its order to follow the historical rank structure. A further advantage of the
Schaake-shuffle-based formulation adopted here is that it helps to preserve realistic daily
hydrograph patterns, including during low-flow periods, because the rank structure is
transferred directly from the historical record at the daily scale. In this sense, Step 2a
provides a dependence-aware starting point for the subsequent local reconstruction stage,
while preserving the generated marginal distributions. When ties occur, random tie-
breaking is used to avoid rank degeneracy and preserve methodological flexibility [23]. The
following pseudocode describes the one-dimensional Schaake-shuffle procedure applied to
a single station–day group. Repeating this procedure over all station–day groups yields the
reordered output matrix of Step 2a.

Pseudocode of Step 2a:

Algorithm 1 One-dimensional Schaake shuffle for a station–day group

Input: observed station–day vector O ∈ Rnobs with nobs = 52,
generated station–day vector G ∈ Rngen with ngen = 1000
1 for m = 1 . . . ngen:
2 draw analog index im from {1, . . . , nobs} with replacement
3 set Hm = O[im]
4 end for

5
compute rank positions rm of the analog series H, with random tie-breaking if
needed

6 sort G increasingly to obtain Gsorted

7 for m = 1 . . . ngen :
8 set Cm = Gsorted[rm]

9 end for
10 return reordered synthetic vector C

Explanation of Algorithm 1. Lines 1–4 create an extended analog vector H with
ngen positions. For each generated position m, the algorithm draws one integer index im

uniformly from the range 1, . . . , nobs. The expression “with replacement” means that the
same observed year may be selected more than once, which is necessary because ngen

is larger than nobs. The value Hm = O[im] is therefore the observed value from the
selected year for the same station–day variable; it is not a newly generated discharge value.
Line 5 computes the rank order of the analog vector H. Lines 6–9 sort the generated values
G and then place them into the generated years according to the rank order of H. In this
way, the set of generated values remains unchanged, but their order across synthetic years
follows a rank pattern sampled from the observed record.

Applying Algorithm 1 to all station–day groups (vectors C) produces the reordered
matrix Gin, which serves as the input to Step 2b.

2.2.3. Step 2b: Block-Mosaic Reordering with Partial Freeze and Hungarian Assignment

Step 2b introduces block-wise permutation by day and is the main mechanism for
preserving local daily continuity. The input matrix Gin, obtained as the output of Step 2a,
is divided into successive blocks of variable length, and within each block a single row
permutation is defined and applied identically to all stations. In this way, spatial coherence
among stations is preserved at the block level.
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The key idea is partial freeze: some positions retain the same year identifiers as in the
previous block, whereas the remaining positions are optimized. This creates controlled
memory between successive blocks, reduces discontinuities, and promotes more natural
day-to-day transitions.

To optimize the moving positions, a cost matrix is constructed in which the first
component measures differences in mean values across stations at the transition from the
previous day to the current day, while the second component measures differences in the
correlation profile relative to the “frozen” rows. The relative importance of the correlation
component is controlled by the weight wcorr, whereas the continuity term retains unit
weight. Accordingly, the total assignment cost is defined as Cost = dVal + wcorr × dCorr,
where dVal denotes the continuity term and dCorr denotes the correlation-profile term.
In the adopted implementation, wcorr = 0.8, which gives slightly greater emphasis to
continuity while still strongly penalizing deviations in the correlation profile.

The resulting assignment problem is then solved using the Hungarian (Munkres)
algorithm [25,26].

Beyond the original Hungarian and Munkres formulations [25,26], the use of a rectan-
gular two-dimensional assignment formulation is consistent with contemporary implemen-
tations of assignment algorithms [36]. In the present workflow, this formulation is used
at a practical data level: movable positions in the current block are matched to candidate
synthetic-year rows under a cost function that penalizes discontinuity and mismatch in
correlation profiles.

rowCorrij = corr(Gin
i , Gin

j ) (5)

Cost(i, j) = |vPrev(i)− vNew(j)|+ wcorr ×
1
|F| ∑

f∈F
|ρ(idPrev, f )− ρ(idNew, f )| (6)

Here, vPrev(i) denotes the streamflow value averaged over all stations for the series
assigned to position i on the previous day, whereas vNew(j) denotes the analogous mean
value for candidate series j on the current day. Furthermore, F denotes the set of frozen
rows, ρ(idPrev, f ) and ρ(idNew, f ) denote an element of the rowCorr matrix, i.e., the Pearson
correlation coefficient between the corresponding rows. Because wcorr > 0 in the adopted
implementation, the cost function simultaneously accounts for the continuity of mean values
across adjacent blocks and the similarity of the correlation profile relative to the frozen rows [25,
26].

The advantage of this sub-step lies in its explicit block structure containing lengths
in the range from Bmin to Bmax. By processing the daily sequence through variable-length
blocks and retaining part of the previous ordering controlled by the parameter keepFrac,
the algorithm introduces local memory between adjacent blocks. This reduces unrealistic
day-to-day switching in the generated hydrograph and provides direct control over local
continuity while maintaining cross-station coherence.

Pseudocode of Step 2b:

Algorithm 2 Block-mosaic partial-freeze reordering with Hungarian assignment

Input: reordered synthetic matrix Gin ∈ Rngen×M from Step 2a, block-length limits
Bmin = 7 and Bmax = 120, partial-freeze fraction keepFrac = 0.3, and
correlation-profile weight wcorr = 0.8
1 initialize permprev =

[
1, 2, . . . , ngen

]
, day = 1

2 while day ≤ 365:
3 choose random block length L in [Bmin, Bmax]

4 set L = min(L, 365 − day + 1)

https://doi.org/10.3390/a19070541

https://doi.org/10.3390/a19070541


Algorithms 2026, 19, 541 11 of 32

5 choose keepidx of size round
(
keepFrac × ngen

)
6 copy frozen IDs from permprev into permnew at keepidx

7 randomly fill remaining moving positions with remaining IDs
8 if day > 1 and moving positions exist:
9 compute the correlation-profile term dCorr for all position-candidate pairs
10 compute the continuity term dVal for all position-candidate pairs
11 form the cost matrix as Cost = dVal + wcorr × dCorr
12 solve assignment with Hungarian algorithm
13 update permnew on moving positions
14 end if
15 apply permnew to all stations over days [day, day + L − 1]
16 set permprev = permnew

17 day = day + L
18 end while
19 return Gout

Explanation of Algorithm 2. Lines 1–4 define the current block of consecutive days.
Lines 5–7 keep a selected fraction of row identities from the previous block, meaning
that some synthetic years continue into the next block without being reassigned. This
partial-freeze mechanism creates local memory between blocks. Lines 8–14 are applied
only when a previous block exists and at least one position remains movable. For every
possible assignment of a movable position to a candidate row, the algorithm computes
a continuity term and a correlation-profile term, combines them into a cost matrix, and
solves the resulting one-to-one assignment problem with the Hungarian algorithm. Lines
15–17 apply the selected permutation to all stations over the current block, and then the
algorithm continues to the next block. The output is the block-mosaic reordered synthetic
matrix Gout ∈ Rngen×M.

2.2.4. Step 2c: Annual-Sum Matching by Synchronous Swaps

Step 2c targets the distribution of annual sums’ values and links daily reordering with
annual-scale behavior. Starting from the reference station r = 1, annual sums are computed
for each year, after which the synthetic and observed years are ranked in ascending order.
The GMIN synthetic years with the lowest annual sums are then processed sequentially
and matched to the correspondingly ranked observed years.

This correction is motivated by the need to better represent annual scenarios, espe-
cially low-flow years, which are important in stochastic streamflow synthesis and water-
management applications [21,22,37].

SG(y) =
365

∑
d=1

gy,r,d, SO(y) =
365

∑
d=1

oy,r,d (7)

In Equation (7), SG(y) and SO(y) denote the annual sums of the synthetic and observed
series, respectively, for year y at the reference station r. The variable gy,r,d represents the
daily synthetic streamflow value from the Step 2b output matrix Gout , while oy,r,d represents
the daily observed streamflow value from the observed matrix O; both are expressed in
year–station–day form for year y, station r, and day d, with d = 1, . . . , 365. Thus, the annual
sum is defined as the total of all daily values within a given year.

After ranking, the GMIN synthetic years with the lowest annual sums are iteratively
adjusted toward the correspondingly ranked observed years, where GMIN denotes the
number of low-ranked synthetic years selected for correction. In the adopted implemen-
tation, this number is defined as GMIN = round

(
2 ngen

nobs

)
where ngen is the number of
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synthetic years and nobs is the number of observed years. Here, yg denotes the selected
low-ranked synthetic year, yo denotes the correspondingly ranked observed year, and y f

denotes the donor synthetic year used for the synchronous exchange.
For each selected synthetic year, the days are first ordered in descending order ac-

cording to their contribution to the annual sum. Candidate synchronous swaps are then
examined sequentially, starting from the largest contributors. At each step, the currently
selected day of the low-ranked synthetic year is exchanged with the same day from an
admissible donor year y f , where y f ̸= yg, chosen as the synthetic year having the minimum
value at that day among the admissible donor years. In this way, the annual total of the
corrected year is gradually reduced.

A key feature of this step is that any exchange applied to a selected day is performed
synchronously across all stations. In other words, if a given day is exchanged for the reference
station, the values corresponding to that same day are simultaneously exchanged for all other
stations as well. This preserves the spatial coherence of the synthetic scenarios, even though the
ranking and correction criterion is defined only at the reference station. The correction process
is regulated by an additional tolerance factor tol(gg), where gg denotes the rank index of the
low-ranked synthetic year being adjusted. For the gg-th selected synthetic year, synchronous
swaps continue while tol(gg)SG

(
yg
)
≥ SO(yo). Thus, tol(gg) controls the intensity of the

correction and determines how strongly each low-ranked synthetic year is shifted toward the
corresponding observed annual sum before the adjustment is terminated.

Although this step is heuristic, it is useful because it explicitly targets the lower tail
of the annual-sum distribution and complements the effects of Steps 2a and 2b. In this
way, Step 2 as a whole targets not only rank structure and local continuity, but also the
distribution of annual scenarios, which is particularly important for low-flow years and
water-management applications.

Pseudocode of Step 2c:

Algorithm 3 Annual-sum matching by synchronous multisite swaps

Input: block-mosaic reordered synthetic matrix Gout ∈ Rngen×M from Step 2b, observed
matrix O ∈ Rnobs×M, reference station r = 1, minimum tolerance minK = 1.25, and
number of corrected low-ranked years GMIN
1 set Gcorr = Gout

2 determine NGEN from Gcorr and NOBS from O
3 compute tol = linspace(minK, 1, GMIN)

4 compute annual sums SG and SO at station r
5 sort synthetic and observed years increasingly by annual sums
6 for gg = 1 . . . GMIN:
7 choose synthetic year yg and observed year yo of the same rank
8 sort days within yg by decreasing contribution to SG

(
yg
)

9 for each ranked day d:
10 if tol(gg)× SG

(
yg
)
< SO(yo)

11 break

12
find donor year y f ̸= yg with minimum value on day d among admissible

synthetic years
13 swap day d between years yg and y f on all stations simultaneously
14 update annual sums
15 end for
16 end for
17 return corrected matrix Gcorr
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Explanation of Algorithm 3. Lines 1–5 prepare the annual-sum matching step by
copying the matrix obtained after Step 2b, defining the number of synthetic and observed
years, constructing the tolerance sequence, computing annual sums at the reference station,
and ranking both synthetic and observed years from the driest to the wettest. Lines 6–16
then process the selected low-ranked synthetic years. For each selected rank, the algorithm
pairs a synthetic year with the observed year of the same annual-sum rank and examines
the days of the synthetic year in decreasing order of their contribution to its annual sum.
The correction stops when the tolerance condition in line 10 indicates that no further
reduction is required for the selected synthetic year. Otherwise, the algorithm searches
for an admissible donor year with the smallest value on the selected day and swaps that
calendar day between the selected synthetic year and the donor year. Each accepted
swap is applied synchronously across all stations, meaning that the same calendar day is
exchanged at S1, S2, and S3. This adjusts the annual total of the selected synthetic year
without correcting each station independently, thereby preserving the multisite structure
and the coherence of the generated scenario along the river system. The output of this
algorithm is annual-sum-adjusted synthetic matrix Gcorr ∈ Rngen×M.

2.2.5. Step 3: Adaptive Permutation Genetic Algorithm

Step 3 determines the final ordering of synthetic years. Each candidate solution is
represented as a complete permutation vector of the ngen generated years. The aim is to
identify an ordering that reproduces the target interannual dependence structure, including
annual-sum autocorrelation and short-range dependence across the boundary between
consecutive years. This formulation places the final year-ordering task within the class of
permutation-optimization problems, similar in structure to other ordering problems such
as the traveling salesman problem, and makes it suitable for an adaptive genetic-algorithm
search [27–30].

For each station, target autocorrelations of annual sums up to lag 13 are first computed
from the observed data. Autocorrelation analysis is a standard time-series diagnostic
for assessing serial dependence across successive observations [3]. Let As,y denote the
annual sum at station s in year y; then the annual autocorrelation at lag ↕ is computed
over the series of annual sums rather than over daily values. This distinction is important
because the third step permutes whole years, thereby changing the interannual ordering of
annual sums.

The maximum lag of 13 follows the stability principle that the largest autocorrelation
lag should remain substantially smaller than the available record length. In this study, the
maximum lag is therefore treated as a record-length-based design choice rather than as
a calibrated hydrological parameter. With 52 observed years, one quarter of the record
length corresponds to 13 years. This choice evaluates medium-range interannual depen-
dence while retaining enough paired annual observations for stable correlation estimation
at the largest lag; at lag 13, 39 paired annual observations remain available. Thus, the
selected value provides a compromise between the temporal range of the analysis and the
stability of the estimated autocorrelation coefficients.

As,y =
365
∑

d=1
Qs,y,d

ρann
s,↕ = corr(As,1:n−↕, As,1+↕:n), ↕ = 1, . . . , 13

(8)

In this formulation, Qs,y,d denotes the daily streamflow at station s, in year y, on day
d, where d = 1, . . . , 365. Accordingly, As,y represents the annual sum of streamflow for
station s in year y, obtained by summing all daily values within that year. The coefficient
ρann

s,↕ denotes the annual autocorrelation at lag ↕, calculated from the sequence of annual
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sums. The notation As,1:n−↕ refers to the subsequence from year 1 to year n − ↕, whereas
As,1+↕:n denotes the corresponding subsequence shifted forward by ↕ years; n is the total
number of years in the observed record.

In addition, a correlation matrix is computed from the observed data for a four-day
interval at the year boundaries. For each station, the last four days of year y and the first
four days of year y + 1 are considered, forming a 4 × 4 matrix of transition correlations.

For the year-boundary component, a four-day transition window was used to represent
short-range daily dependence across the artificial boundary between consecutive synthetic
years. The four-day length was adopted after preliminary numerical testing, where it
yielded stable local year-boundary behavior while keeping the boundary-correlation term
compact. The purpose of this window is not to describe longer seasonal or interannual
dependence, but to evaluate whether the end of one generated year and the beginning of
the next year remain locally coherent. For each station, the four-day window produces
a compact 4× 4 boundary-correlation matrix, which provides 16 local transition coefficients
while preventing the year-boundary term from dominating the global objective function.
This daily-scale choice is conceptually independent of the maximum annual-autocorrelation
lag used for the annual-sum component.

Cyb
s,a,b = corr(Qs,y,365−4+a, Qs,y+1,b), a, b = 1, . . . , 4 (9)

The quantity Cyb
s,a,b denotes an element of the year-boundary correlation matrix for

station s, where the superscript yb refers to the year boundary. The indices a and b identify
positions within the four-day interval at the end of year y and the beginning of year y + 1,
respectively. The correlation is computed over all consecutive year pairs, y = 1, . . . , n − 1.
Equation (9) therefore measures the correlation between day 365 − 4 + a of year y and day
b of year y + 1, thereby quantifying the dependence structure across the transition between
consecutive years.

The objective function of Step 3 contains two components: the deviation in annual-sum
autocorrelation and the deviation in correlations across the year boundaries.

J(π) =
3

∑
s=1

w1

13

∑
↕=1

λ↕(ρ
ann,π
s,↕ − ρann,obs

s,↕ )2 +w2

4

∑
a=1

4

∑
b=1

(Cyb,π
s,a,b − Cyb,obs

s,a,b )2

]
(10)

The objective function J(π) is defined for a candidate permutation π of synthetic
years. The outer summation is taken over all stations s, while w1 and w2 are weighting
coefficients controlling the relative importance of the two components. In the first term,
λ↕ is the weight assigned to lag ↕, and ρann,π

s,↕ and ρann,obs
s,↕ denote the annual autocorre-

lation coefficients of the permuted synthetic series and the observed series, respectively.
In the second term, Cyb,π

s,a,b and Cyb,obs
s,a,b denote the year-boundary correlation coefficients

of the permuted synthetic series and the observed series. Minimization of J(π) therefore
corresponds to finding the ordering of synthetic years that best reproduces both the
interannual autocorrelation structure of annual sums and the short-range dependence
across the year boundary.

The optimization uses an adaptive permutation-based genetic algorithm throughout
the experiments. The search starts from a population of random permutations, retains elite
individuals, applies a feasibility-preserving partially mapped crossover (PMX), and uses
a two-position swap mutation. This combination is suitable for permutation problems
because it preserves chromosome feasibility and avoids duplicate or missing synthetic-year
indices [27–30]. The main GA elements are summarized in Table 3.
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Table 3. The genetic-algorithm elements used in the year-ordering step.

GA Element Implementation in This Study

Search mode Adaptive permutation-based genetic algorithm used throughout the
experiments.

Chromosome A complete permutation vector of generated synthetic years; each candidate
solution defines the final ordering of years.

Gene One synthetic-year index in the permutation.

Initial population
Random permutations. In each adaptive generation block after the first one,
the best permutation found so far is inserted into the new initial population
together with newly sampled random permutations.

Fitness function

Station-aware minimization objective combining annual-sum autocorrelation
error and a four-day year-boundary correlation error. In the implemented
configuration, w1 = 1 for annual autocorrelation error and w2 = 0.05 for
year-boundary correlations.

Lag weighting Annual autocorrelation is evaluated up to lag 13. The first four lags receive
higher weights (1.3), while the remaining lags receive unit weights.

Boundary-dependence term
For each station, a 4 × 4 correlation matrix between the last four days of one
year and the first four days of the next year is compared with the
corresponding observed matrix.

Selection and elitism Selection is combined with elitism; the best individuals are retained between
generations. The implemented elite count is 5.

Crossover
Feasibility-preserving partially mapped crossover (PMX), preserving valid
permutations and avoiding duplicate years. The implemented crossover
fraction is 0.8.

Mutation

Custom two-position swap mutation: two random positions in the
permutation are selected and their values are exchanged. This preserves
permutation feasibility. The swap mutation is particularly suitable for this
problem because it changes the ordering locally while preserving a valid
year permutation.

Adaptive control

The search is run in generation blocks. Population size starts at 100 and may
increase by 5% up to 500 when improvement over a sliding error window
becomes slow. The maximum allowed number of cumulative generations
is 10,000.

Stopping criteria
The search stops when the target error tolerance, function-tolerance condition,
stall-generation criterion, or the maximum cumulative generation budget
is reached.

The main advantage of Step 3 is that it explores the space of possible year permuta-
tions through an adaptive evolutionary search [27–30]. Each generation evaluates a finite
population of candidate orderings, and the best solutions are progressively retained and
recombined. The objective function J evaluates the quality of a candidate ordering with
respect to annual-sum autocorrelation and year-boundary dependence. Since the genetic
algorithm is formulated as a minimization procedure, lower values of J correspond to
better agreement with the target dependence structure and therefore to a better optimized
ordering of synthetic years.

Pseudocode of Step 3:
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Algorithm 4 Adaptive permutation-based genetic algorithm for year ordering

Input: observed matrix O ∈ Rnobs×M, matrix Gcorr after Step 2c, maxLag = 13,
window = 4 days
1 compute target annual ACFs from annual sums of O
2 compute target 4 × 4 year-boundary correlation matrices from O
3 initialize population with random permutations of row indices of Gcorr

4 while GA stopping criterion is not met:
5 evaluate fitness J

(
π(k)

)
for each candidate permutation π(k)

6 keep elite individuals
7 select parents and generate offspring by feasibility-preserving PMX
8 apply two-position swap mutation
9 form the next population
10 end while
11 return best permutation πbest and the reordered matrix Gfinal

Explanation of Algorithm 4. Lines 1–2 define the target interannual structure that
the final synthetic sequence should reproduce: annual-sum autocorrelations and 4 × 4
year-boundary correlation matrices computed from the observed matrix O. Line 3 initializes
the genetic-algorithm population by generating random permutations of the row indices
of Gcorr. Each candidate permutation represents one complete possible ordering of all
synthetic years, not a pairwise swap between two rows. Applying such a permutation
changes only the order in which generated years appear; it does not change the daily values
inside any generated year. Lines 4–10 describe the evolutionary search. At each generation,
the fitness value J

(
π(k)

)
is computed for every candidate permutation π(k), where lower

values indicate better agreement with the observed annual-sum autocorrelation and year-
boundary dependence. The best orderings are retained through elitism, while the remaining
part of the next population is created by selecting parent permutations, recombining
them using feasibility-preserving PMX, and applying two-position swap mutation. PMX
preserves valid permutations by avoiding duplicated or missing year indices, whereas
swap mutation introduces small random changes in the ordering. Line 11 returns the best
permutation πbest found by the search and the corresponding reordered matrix Gfinal.

2.3. Implementation, Software Settings, and Reproducibility

The proposed workflow was implemented as a modular computational procedure in
MATLAB R2024a. The numerical experiments were performed under Microsoft Windows 10
(Version 10.0.19045.6456) on a workstation equipped with an AMD Ryzen 9 5950X 16-Core
Processor and 128 GB DDR4 RAM. The genetic-algorithm configuration used in the final
year-ordering step included a maximum annual-autocorrelation lag of 13, a four-day year-
boundary window, an initial population size of 100, a maximum population size of 500,
an elite count of 5, a crossover fraction of 0.8, and a maximum cumulative generation
budget of 10,000. The search was first run for 500 generations. If the required objective
tolerance was not reached, the optimization was continued in additional blocks of up to
500 generations, with the best solution from the previous block retained, until convergence
or until the maximum cumulative generation budget was reached. The stopping criteria
combined a maximum stall limit of 30 consecutive generations, a target objective tolerance
of

(
10−5), and the maximum cumulative generation budget. The adaptive framework also

allowed the population size to increase by 5%, subject to the upper limit of 500 candidate
solutions, when the optimization progress became insufficient.
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The manuscript supports algorithmic reproducibility by providing pseudocode for
the main computational modules, the relevant parameter settings, the objective-function
structure, and the evaluation criteria used in the comparison. More specifically, pseudocode
is provided for the Schaake-shuffle reordering step, the block-mosaic partial-freeze proce-
dure with Hungarian assignment, the annual-sum matching procedure, and the adaptive
permutation-based genetic algorithm. This enables independent implementation of the pro-
posed workflow, although exact numerical replication with the same observed station data
is limited by the availability of the third-party streamflow records used in the case study.

2.4. Comparison Criteria and Computational Complexity

The comparison between the benchmark and proposed algorithms is based on five
groups of criteria: (i) errors in mean values, standard deviations, and skewness by day
and station; (ii) reproduction of serial and inter-station correlations; (iii) alignment with
the distribution of annual sums; (iv) reproduction of transition correlations at the year
boundary; and (v) execution time. This set of criteria follows naturally from the structure
of both algorithms and from the objectives defined in the benchmark studies [20–22]. For
a fair comparison, both workflows were evaluated using the same observed record, the
same number of generated years and the same evaluation criteria.

The proposed workflow consists of a sequence of sampling, reordering, assignment,
matching, and permutation-optimization modules. Although the first generation step
dominates the total runtime in the reported implementation, the most important algorithmic
difference between the benchmark and proposed methods occurs in the final year-ordering
stage. The benchmark evaluates repeated row-swap candidates, whereas the proposed
method searches the space of year permutations using an adaptive genetic algorithm. The
complexity analysis therefore focuses on the main computational drivers of each workflow
component. The notation used in the analysis is as follows: ngen denotes the number of
generated synthetic years, nobs the number of observed years, K the number of stations,
T the number of days per year, M = K × T the number of station–day variables per
year, Bblk the number of blocks, mb the number of moving rows in block b, a the average
number of sampling attempts required by the acceptance/tolerance rule, Gmin the number
of low-ranked synthetic years selected for annual-sum correction, P the genetic-algorithm
population size, GGA the number of genetic-algorithm generations, Laa the maximum
annual autocorrelation lag, W the year-boundary window length, and R the number of
examined row-swap candidates in the benchmark year-ordering step.

As shown in Table 4, the main algorithmic difference between the benchmark and proposed
workflows appears in the final year-ordering step. From the standpoint of complexity, Step 3 of
the benchmark algorithm is the least favorable component because it requires examining a large
number of row-swap combinations, with each modification entailing a new evaluation of the
composite function D. By contrast, Step 3 of the proposed workflow uses a directed heuristic
search: each generation evaluates a finite number of candidates, so its complexity is governed
by population size, number of generations, and the cost of evaluating the objective function
J, rather than by the explosive growth of the full permutation space [20–22,28,29]. Since the
genetic algorithm is formulated as a minimization procedure, lower values of J correspond
to better agreement with the target dependence structure and therefore to a better optimized
ordering of synthetic years.

The proposed algorithm is also heuristic and therefore does not guarantee a global
optimum in the strict mathematical sense. Nevertheless, this is a justified compromise,
because in hydrological applications it is more important to obtain a fast, stable, and
sufficiently accurate solution than to perform exhaustive search over a permutation space
that becomes far more time and resource-intensive for 1000 synthetic years [20–22,28,29].

https://doi.org/10.3390/a19070541

https://doi.org/10.3390/a19070541


Algorithms 2026, 19, 541 18 of 32

Table 4. The main computational drivers of the benchmark and proposed workflows.

Algorithmic Module Dominant Operation Approximate Computational Complexity Comment

Step 1:
nonparametric Monte
Carlo generation

Sampling generated values
for each station–day variable MngenO(a) = O

(
aMngen

) a denotes the average number of
sampling attempts required by
the acceptance/tolerance rule; this
generation step is shared by both
workflows.

Step 2a:
Schaake-shuffle
reordering

Bootstrap analog selection,
ranking, and sorting within
each station–day group

O
(

M
(
ngenlogngen + nobslognobs

))
The observed rank templates are
obtained from nobs observed years,
while the generated values are
sorted for ngen synthetic years. If
observed ranks are precomputed,
the dominant term is
O
(

M × ngenlogngen
)
.

Step 2b:
block mosaic with
partial freeze and
Hungarian assignment

Precomputing row
correlations and solving
assignment problems for
moving rows within blocks

O
(
ngen

2 M
)
+

Bblk
∑

b=1
O
(
m3

b
) The cubic term corresponds to the

Hungarian assignment. Usually
mb < ngen, because part of the
rows is frozen in each block.

Step 2c:
annual-sum matching

Annual-sum computation,
ranking, and candidate
synchronous swaps across
stations

O
(
KTngen + Kngenlogngen + GminTngen

) Gmin is the number of low-ranked
synthetic years selected for
correction.

Step 3:
adaptive permutation
genetic algorithm

Fitness evaluation over a
population of year
permutations

O
(
GGAPKngen

(
Laa + W2) )

Each chromosome is a
permutation of synthetic years.
Fitness uses annual-sum
autocorrelation up to lag Laa and
year-boundary correlations within
window W.

Benchmark Step 3

Repeated row-swap
examination with
recalculation of the composite
function D

O
(

RKngen
(

Laa + W2))
R denotes the number of
examined row-swap candidates.
Practical cost increases rapidly
with R, ngen and repeated
recalculation of correlation
diagnostics.

3. Results
The comparison between the benchmark and proposed algorithms is presented

through four complementary perspectives: reproduction of annual-sum autocorrelation,
preservation of dependence across adjacent years, aggregate diagnostic scores, and compu-
tational efficiency. This structure allows both approaches to be evaluated simultaneously in
terms of statistical accuracy, hydrological realism, and practical applicability.

For ease of presentation, the three analyzed hydrological stations are referred to in the
following as S1, S2, and S3, corresponding to locations Devići, Mlanča, and Ušće, respectively.
Before discussing aggregate statistical indicators, it is useful to examine whether the generated
daily series reproduces the observed hydrograph pattern at the event scale.

Figure 2a–c compares a representative segment of the observed daily hydrograph with
the corresponding synthetic series generated by the proposed and benchmark algorithms at
the three stations. It can be seen that the proposed workflow provides a substantially more
realistic reconstruction of the observed hydrograph pattern, particularly in the organization
of the recession limb after the main peak and in the gradual decrease in streamflow before
the next pronounced rise. By contrast, the benchmark algorithm produces a less coherent
sequence, with more abrupt local oscillations and weaker alignment with the observed
hydrograph shape. This confirms that the main advantage of the proposed workflow is not
only improved aggregate statistical performance, but also a better daily-scale arrangement of
generated values in accordance with the hydrograph characteristics of the observed record.
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(a) 

(b) 

(c) 

Figure 2. (a) The observed daily streamflow hydrograph for the selected segment of randomly
selected observed year 13, days 130–260, at stations S1, S2, and S3. (b) The synthetic daily streamflow
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hydrograph for the selected segment of randomly selected synthetic year 566, days 130–260, generated
by the benchmark algorithm at stations S1, S2, and S3. (c) The synthetic daily streamflow hydrograph
for the selected segment of randomly selected synthetic year 566, days 130–260, generated by the
proposed workflow at stations S1, S2, and S3.

3.1. Reproduction of Daily Serial Correlation

Figure 3 presents errors in daily serial correlation coefficients at lags 1 and 2 by day of
the year for all analyzed hydrological stations, comparing the synthetic series generated by
the benchmark and proposed algorithms with the observed values. These results provide
a detailed assessment of short-term temporal persistence in daily streamflow, which cannot
be fully inferred from annual aggregates alone. Both algorithms capture the seasonal
variation in serial dependence over most of the year, whereas the proposed algorithm
shows more stable agreement with the observed values, particularly at lag 2, which is
more sensitive to deviations in daily dynamics. This result is consistent with the aggregate
indicators for the temporal-dependence group, in which the proposed algorithm achieved
a lower error than the benchmark algorithm.

3.2. Reproduction of Annual-Sum Autocorrelation

Table 5 presents the autocorrelation coefficients of annual sums for lags 1–13 at all three
stations. Both algorithms reproduce interannual dependence very well, as the deviations
from the observed values are small and stable across the full lag range. This alignment
is further confirmed in Figure 4a, where the simulated and observed coefficients are
nearly coincident for all stations and almost all lags. At the same time, the proposed
algorithm exhibits a slight but consistent advantage, with a mean absolute deviation across
all 39 comparisons of 0.000846, compared with 0.001359 for the benchmark algorithm. The
contrast is particularly clear in Figure 4b, where a compact station-wise comparison for
lags 1–4 again shows the proposed algorithm to be slightly closer to the observed annual
autocorrelation structure.

Table 5. Comparison of annual autocorrelation coefficients by lag for observed (Obs.) series, bench-
mark algorithm (BA), and proposed algorithm (PA).

Lag Obs.S1 BA S1 PA S1 Obs.S2 BA S2 PA S2 Obs.S3 BA S3 PA S3

1 0.038 0.037 0.038 0.064 0.066 0.064 0.172 0.172 0.172
2 0.136 0.136 0.136 0.101 0.100 0.102 0.068 0.069 0.068
3 0.069 0.067 0.069 0.108 0.112 0.107 0.058 0.057 0.059
4 −0.069 −0.069 −0.069 −0.154 −0.153 −0.153 −0.231 −0.230 −0.232
5 0.142 0.142 0.141 0.066 0.065 0.068 −0.038 −0.037 −0.039
6 −0.154 −0.154 −0.153 −0.147 −0.147 −0.146 −0.225 −0.223 −0.223
7 −0.123 −0.124 −0.123 −0.270 −0.266 −0.268 −0.145 −0.144 −0.143
8 0.096 0.094 0.095 0.048 0.048 0.050 0.110 0.110 0.111
9 −0.077 −0.078 −0.076 −0.154 −0.153 −0.154 −0.064 −0.066 −0.065

10 −0.015 −0.017 −0.016 −0.065 −0.062 −0.064 0.102 0.098 0.101
11 −0.040 −0.042 −0.039 −0.006 −0.006 −0.006 −0.024 −0.021 −0.025
12 −0.285 −0.286 −0.284 −0.311 −0.310 −0.311 −0.370 −0.369 −0.370
13 −0.113 −0.113 −0.115 −0.123 −0.119 −0.123 −0.156 −0.158 −0.158
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Figure 3. Errors in daily serial correlation coefficients for lags 1 and 2 at the analyzed stations: a com-
parison between the synthetic series generated by the benchmark and proposed algorithms and the
observed values.
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Figure 4. (a) The autocorrelation coefficients of annual sums for lags 1–13 at stations 1–3; (b) a
comparison of the autocorrelation coefficients of annual sums across the stations for lags 1–4 for the
observed series and the synthetic series generated by the benchmark and proposed algorithms.

3.3. Correlations at the Transition Between Consecutive Years

Table 6 reports Pearson correlation coefficients between the last four days of one year
and the first four days of the next one. These indicators are particularly important for daily
series because they directly characterize the hydrological continuity of the transition across
the year boundary. The results show that both algorithms preserve the positive and increasing
pattern of correlations well, especially for pairs involving the last day of the year (X365).

For the displayed set of 48 station-specific coefficients, the benchmark algorithm yields
a slightly smaller mean absolute deviation from the observed values (0.008375 compared to
0.017667) and is closer to the observed values in 35 cases, whereas the proposed algorithm is
closer in 12 cases, with one tie. This indicates that the proposed approach does not improve
every individual local coefficient at the year boundary, but it also does not degrade the
underlying dependence structure and remains within the same order of magnitude as the
benchmark algorithm. Overall, the proposed algorithm improves aggregate diagnostics,
while the benchmark remains competitive in selected local year-boundary correlations.
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Table 6. Comparison of selected Pearson correlation coefficients between days X362–X365 and
X001–X004 for observed and generated series at stations 1–3.

Lag Obs.S1 BA S1 PA S1 Obs.S2 BA S2 PA S2 Obs.S3 BA S3 PA S3

X362–X001 0.683 0.689 0.721 0.357 0.355 0.368 0.573 0.582 0.590
X362–X002 0.715 0.699 0.718 0.438 0.440 0.430 0.581 0.582 0.582
X362–X003 0.727 0.656 0.711 0.392 0.401 0.393 0.608 0.587 0.600
X362–X004 0.718 0.691 0.707 0.392 0.402 0.388 0.607 0.582 0.589
X363–X001 0.661 0.664 0.662 0.460 0.463 0.481 0.579 0.569 0.573
X363–X002 0.672 0.671 0.644 0.518 0.513 0.506 0.540 0.535 0.524
X363–X003 0.673 0.677 0.632 0.444 0.450 0.465 0.532 0.538 0.532
X363–X004 0.662 0.699 0.638 0.437 0.453 0.456 0.514 0.521 0.524
X364–X001 0.800 0.806 0.803 0.580 0.583 0.612 0.679 0.679 0.686
X364–X002 0.813 0.819 0.793 0.687 0.688 0.677 0.663 0.662 0.674
X364–X003 0.821 0.807 0.791 0.619 0.620 0.641 0.675 0.675 0.691
X364–X004 0.817 0.825 0.796 0.612 0.614 0.630 0.672 0.671 0.681
X365–X001 0.830 0.828 0.815 0.708 0.703 0.689 0.741 0.735 0.712
X365–X002 0.856 0.849 0.825 0.840 0.833 0.792 0.719 0.723 0.703
X365–X003 0.867 0.860 0.822 0.780 0.774 0.766 0.737 0.739 0.725
X365–X004 0.863 0.869 0.829 0.775 0.774 0.741 0.725 0.729 0.708

3.4. Aggregate Diagnostic Scores and Key Differences Between the Algorithms

The clearest picture of overall performance is provided by the aggregate diagnostic
scores presented in Table 7. The proposed algorithm achieves a lower mean error in 10 of the
14 indicator groups, while the remaining four groups are practically identical to the benchmark
algorithm. Importantly, at the level of aggregate group scores, the proposed algorithm does
not produce a worse score in any group. This pattern is also evident in Figure 5a, which shows
that the proposed algorithm performs at least as well as the benchmark algorithm across all
diagnostic groups and displays a clear advantage in several of them. The most pronounced
improvements occur in groups that describe more complex and hydrologically meaningful
properties of the series rather than only its basic moments. In particular, hydrologic indices
(0.539 vs. 0.161); spells and persistence (17.820 vs. 11.122); timing of extremes (17.995 vs. 11.884);
seasonality: day-of-year (DOY) statistics and correlations (0.413 vs. 0.244); and distribution
distances (0.119 vs. 0.063) stand out. By contrast, daily distribution statistics, the flow duration
curve, distribution quantiles, and overall goodness-of-fit indices remain essentially unchanged,
showing that the proposed algorithm preserves the strengths of the benchmark procedure
while improving the more demanding aspects of hydrological behavior. The same conclusion
is supported by Figure 5b, where the radar chart shows a more favorable overall profile for the
proposed algorithm; values closer to the center correspond to smaller normalized errors and
therefore better agreement with the observed data.

Table 7. Group score (mean error).

Group Benchmark Algorithm Proposed Algorithm

Annual statistics 0.151 0.093
Distribution distances 0.119 0.063
Daily distribution statistics 0.063 0.063
Flow duration curve (FDC) 0.035 0.035
Distribution quantiles 0.014 0.014
Flow dynamics 0.490 0.417
Hydrologic indices 0.539 0.161
Overall goodness-of-fit indices 0.006 0.006
Seasonality: DOY statistics and correlations 0.413 0.244
Seasonality: Weekly aggregates 0.128 0.076
Spatial structure 0.028 0.016
Spells and persistence 17.820 11.122
Temporal dependence 0.136 0.084
Timing of extremes (DOY) 17.995 11.884
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Table 8 shows that the largest discrepancies between the algorithms occur in indicators
describing the duration of characteristic hydrological states and the timing of extreme events.
This pattern is also clearly illustrated in Figure 6, where the metrics with the largest absolute
difference ∆ are highlighted. Positive ∆ values indicate an advantage of the proposed
algorithm, whereas negative values indicate an advantage of the benchmark algorithm.
The greatest advantage of the proposed algorithm is observed for the number of low-flow
periods, the timing of the annual minimum, the number of high-flow periods, and dynamic-
response indicators such as the Richards–Baker index and fall rate. The only indicator in
this group for which the benchmark algorithm retains an advantage is the timing of the
annual maximum, confirming that the proposed method does not dominate every individual
metric, but that its overall value arises from a larger number of consistent improvements in
hydrologically relevant indicators.

(a) 

 
(b) 

Figure 5. (a) Normalized group scores by diagnostic group for the benchmark and proposed algo-
rithms. (b) Radar-chart comparison of normalized group scores for the benchmark and proposed
algorithms; values closer to the center indicate better agreement with the observed series.
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Table 8. Top 10 metrics by absolute difference between algorithms ∆, averaged across stations.

Metric ∆ = (BA − PA)

Number of low-flow spells (relative error) 17.680
Timing of annual minimum (absolute error, days) 14.585
Number of high-flow spells (relative error) 8.536
Timing of annual maximum (absolute error, days) −2.363
Richards–Baker index (relative error) 0.379
Fall rate (relative error) 0.338
Mean duration of low-flow spells (relative error) 0.319
Lag-2 daily serial correlation (DOY-wise, nRMSE) 0.264
Mean duration of high-flow spells (relative error) 0.259
Residual-like lag-2 dependence (nRMSE) 0.258

 

Figure 6. The top 10 diagnostic metrics ranked by the absolute difference between the benchmark
and proposed algorithms, averaged across stations. Positive ∆ values indicate an advantage of the
proposed algorithm, whereas negative values indicate an advantage of the benchmark algorithm.

Figures 7 and 8 further confirm that the proposed algorithm reproduces annual-scale
characteristics successfully and, in several displays, shows a slight advantage over the
benchmark algorithm. The exceedance-probability curves in Figure 7 indicate that the
differences between the algorithms are most noticeable for annual minima, for which the
proposed algorithm more often tracks the observed values, whereas annual means and
annual maxima are reproduced with similarly high alignment by both algorithms. Figure 8
likewise confirms very good alignment between the observed and simulated annual sums
in terms of the empirical distribution function, boxplots, and selected quantiles, with the
proposed algorithm yielding slightly more uniform and closer alignment in several station-
specific characteristics. Taken together, these results show that the proposed algorithm not
only preserves the quality of annual-scale distributional reproduction, but also improves
agreement for several hydrologically relevant annual characteristics.
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Figure 7. The exceedance-probability curves of the annual minimum, mean, and maximum flows for
stations 1–3, comparing the observed series with the synthetic series generated by the benchmark
and proposed algorithms.
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Figure 8. ECDF, boxplots of annual sums, and selected annual-sum quantiles for stations 1–3,
comparing the observed series with the synthetic series generated by the benchmark and
proposed algorithms.
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3.5. Computational Efficiency

The execution times presented in Table 9 clearly show that the proposed workflow
achieves its most noticeable advantage in the final optimization phase. Because Step 1 is
shared by both workflows, its execution time is the same. The second step is somewhat
longer in the proposed workflow, but this difference is negligible relative to the total
execution time. The key difference arises in the third step, where the time is reduced from
15.67 h to 8.59 h, i.e., by 45.2%.

Table 9. A comparison of the execution times of the two algorithms in seconds.

Algorithm Step 1 [s] Step 2 [s] Step 3 [s] Total Time [s]

Benchmark
algorithm 216,433.31 1.22 56,406.17 272,840.70

Proposed algorithm 216,433.31 8.22 30,937.40 247,378.94

Because the first step still accounts for the dominant share of the total runtime, the
overall speed-up is more moderate but remains clearly quantifiable: the total runtime
is reduced from 75.79 h to 68.72 h, i.e., by 9.3%. From a practical standpoint, this is
important because it shows that a higher-quality synthetic series can be obtained without
additional computational burden and with a simultaneous gain in efficiency in the final
optimization step.

4. Discussion
The results show that the proposed method can be interpreted as a modular algorith-

mic workflow for daily multisite time-series reconstruction. Its main effect is the combined
improvement of daily rank structure, local continuity, annual-sum behavior, and final
year ordering. The evaluation indicates that these components work together to improve
aggregate diagnostic performance while keeping the computational burden manageable.

A numerical leave-one-module-out experiment was not performed, and isolated
numerical effect sizes are therefore not claimed. Nevertheless, the structural role of each
module can be identified from the transformation it is permitted to make. Step 1 determines
the sampled value set for each station–day variable. Step 2a only permutes positions of
individual values within that set and therefore cannot change its marginal distribution.
Step 2b is the only stage that explicitly rearranges consecutive within-year blocks under
a local continuity and correlation-profile cost. Step 2c is the only stage that directly targets
ranked annual sums and applies synchronous swaps of values that belong to the same
column across stations. Step 3 only permutes complete synthetic years and therefore
leaves all within-year values unchanged while modifying annual-sum autocorrelation
and year-boundary dependence. The observed aggregate improvement should thus be
interpreted as the combined outcome of complementary transformations rather than as
a quantified causal contribution of any single module.

The most consistent advantage of the proposed workflow is observed in the repro-
duction of annual autocorrelation and in the aggregate diagnostic groups encompassing
hydrologic indices, duration of characteristic hydrological states, seasonality, and timing
of extremes. This suggests that the combination of Schaake shuffle, block mosaic with
partial freeze, annual-sum correction, and genetic optimization yields synthetic series
that reproduce complex hydrological patterns more faithfully, especially when simulation
quality is assessed not only through local distribution moments but also through broader
dynamic characteristics. In addition, the proposed workflow provides a closer alignment of
the generated daily streamflow series with the hydrograph patterns present in the observed
record, including during low-flow periods.
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At the same time, the results in Table 6 show that the proposed algorithm does not
achieve an absolute advantage for every individual correlation coefficient at the year bound-
ary. Within the set of local Pearson coefficients, the benchmark algorithm is somewhat
closer to the observed values. This is methodologically important because it shows that an
overall improvement in the quality of generated series does not necessarily imply the best
possible fit for every individual local indicator. In other words, the proposed workflow
shows its main advantage in the overall preservation of hydrologically relevant series char-
acteristics and in aggregate quality measures, whereas the benchmark algorithm remains
competitive in the narrow domain of highly local dependence around the year boundary.

The better performance of the benchmark algorithm for some year-boundary cor-
relation indicators can be explained by its final year-ordering strategy. The benchmark
workflow applies a greedy pairwise-swap search: all admissible pairs of generated years
within the considered segment are tested by temporarily exchanging their positions, re-
computing the objective function, and accepting the swap only if it reduces the total error.
This strategy can slightly improve selected year-boundary correlation coefficients because
each candidate pairwise interchange is explicitly evaluated. However, it also leads to
a substantially higher computational cost, since the objective function must be recomputed
for a large number of candidate swaps. In contrast, the proposed workflow formulates
the final year-ordering task as an adaptive permutation-optimization problem and uses
a genetic algorithm to search the permutation space without exhaustively evaluating all
pairwise swaps. In addition, the Step 3 objective gives greater weight to annual-sum
autocorrelation than to year-boundary correlations (w1 = 1, w2 = 0.05), so the optimization
seeks a global compromise rather than the best fit for each local boundary coefficient.
Consequently, the proposed algorithm achieves a more favorable balance between accu-
racy and computational efficiency: it is less accurate for this narrow set of highly local
year-boundary indicators, but improves broader aggregate diagnostics and considerably
reduces the runtime of the final optimization stage.

From the standpoint of computational performance, the main advantage of the pro-
posed workflow is the reduction in the third-step runtime from 56, 406.17 s to 30, 937.40 s,
corresponding to a 45.2% decrease. Although Step 1 still dominates the total runtime
and limits the overall speed-up, replacing repeated row-swap testing in the benchmark
algorithm with an adaptive permutation genetic algorithm makes the final year-ordering
phase considerably more efficient. Consequently, the total runtime is reduced from 75.79 h
to 68.72 h, corresponding to a 9.3% overall reduction. This result is important because the
proposed workflow improves aggregate diagnostic performance without increasing the
total computational burden, while also improving scalability in the most algorithmically
demanding optimization step.

The present study was evaluated on one three-station river system, which provides
a controlled setting for comparing the benchmark and proposed workflows. Although
the algorithm is formulated in a general way and can be applied to other multisite envi-
ronmental time series, future work should test its transferability across additional basins,
variables, and hydroclimatic regimes. Further work may also include a full numerical
ablation study to quantify the isolated effect of each workflow module under controlled
experimental settings.

5. Conclusions
This paper introduced a hybrid rank-preserving and evolutionary algorithm for non-

parametric multisite daily streamflow simulation. A previously published nonparametric
generator was used as a benchmark for controlled quantitative comparison, while the
main contribution was formulated as a modular algorithmic workflow combining rank-
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preserving reordering, block-wise continuity reconstruction, annual-sum matching, assign-
ment optimization, and adaptive evolutionary year-order optimization. The results show
that the proposed algorithm provides better aggregate performance than the benchmark,
although its advantage should be interpreted primarily at the aggregate level rather than
as absolute dominance in every individual indicator.

The proposed algorithm reproduces annual-sum autocorrelation more successfully,
reducing the mean absolute deviation from 0.001359 to 0.000846. In addition, the aggregate
group scores show lower error in 10 of the 14 analyzed indicator groups, while the remain-
ing four groups are identical to the benchmark algorithm. The most noticeable advantages
occur in the groups describing hydrologic indices, persistence, seasonality, and the timing
of extremes, indicating that the proposed algorithm better captures more complex patterns
of hydrological behavior.

More specifically, the largest aggregate improvements were obtained for hydrologic
indices (0.539 to 0.161), spells and persistence (17.820 to 11.122), timing of extremes (17.995
to 11.884), temporal dependence (0.136 to 0.084), and distribution distances (0.119 to 0.063).
These additional numerical results support the conclusion that the improvement is not
restricted to runtime or to one correlation metric, but is visible across several hydrologically
relevant diagnostic groups.

At the same time, the analysis of selected correlations at the transition between years
shows that the benchmark algorithm remains highly competitive and is even somewhat
closer to the observed values in this limited set of local coefficients (0.008375 versus 0.017667
mean absolute deviation). Accordingly, the most accurate conclusion is that the proposed
workflow provides better aggregate performance, greater hydrological plausibility of the
generated series, and closer alignment of generated daily streamflow with the hydrograph
patterns observed in the historical record, while the benchmark algorithm still retains high
quality in certain local aspects. These results indicate that the proposed workflow is most
effective as an aggregate structure-preserving algorithm rather than as a method designed
to optimize one isolated diagnostic criterion.

The study also has several limitations. The numerical evaluation was performed on
one three-station river system and only for daily streamflow, so additional tests on other
basins, longer records, and other hydrometeorological variables are needed to confirm
broader transferability. The present implementation uses a 365-day annual matrix and
therefore does not explicitly model 29 February; a more general leap-year treatment is
left for future work. The method also assumes complete observed daily records for all
stations, because missing values would directly affect the station–day distributions, rank
patterns, and annual sums used by the algorithm. Finally, the study evaluates the proposed
workflow as an integrated algorithm; a full numerical ablation study and extensions to
other hydrological or meteorological variables remain subjects for future research.

In addition to the improvements in aggregate diagnostic performance, the proposed
workflow also provides a practical computational advantage. The improvement in the
preservation of hydrological structure is not achieved at the expense of longer computation
time. Step 3 runtime decreased from 56,406.17 s to 30,937.40 s, corresponding to a reduction
of 45.2%, while the total runtime decreased from 272,840.70 s to 247,378.94 s, corresponding
to a reduction of 9.3%. This makes the proposed workflow suitable for long multisite
stochastic simulation tasks in which both structural preservation and computational feasi-
bility are required.
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