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Abstract
Urban river systems in arid climates are experiencing extreme hydrological shifts driven by evolving drought patterns and 
upstream flow regulation. Despite these transformations, the precise physical mechanisms linking reach-scale stagnation 
to water quality deterioration remain inadequately resolved. In this study, a Comprehensive Water Assessment Framework 
was developed by integrating k–ε turbulence-based Computational Fluid Dynamics (CFD) with interpretable machine 
learning (ML) classifiers—Decision Tree and k-Nearest Neighbour. This framework was applied to diagnose flow dynam-
ics in the Tigris River, Baghdad, over the period 2014–2023. It was revealed that flow stagnation responds non-linearly 
to discharge, with the stagnant fraction expanding to ~ 72% of the reach length during extreme drought, coinciding with 
critical Water Quality Index (WQI) collapses (51–55). An empirically derived safe flow threshold of ≈ 200 m³/s was iden-
tified, below which hydraulic connectivity and self-purification capacity dropped sharply (R² = 0.98). Furthermore, WQI 
variability was shown to be strongly governed by a minimal set of drivers, including stagnation extent, turbidity, pH, TDS, 
Ca²⁺, and PO₄³⁻with a dominant stagnation × turbidity interaction highlighted via multivariate response-surface analysis 
(R² = 0.97). As CFD-derived diagnostics were replicated with ML models at < 2% error, a high-accuracy, computationally 
efficient tool for real-time management is provided. These findings offer a scalable outline for drought operations, allow-
ing high-risk urban hotspots to be identified and abstraction strategies to be optimized in water-stressed environments.
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management, especially in deteriorating climatic variability 
and anthropogenic stressors (Seo et al. 2024). Such assess-
ments are central for developing robust evidence to inform 
adaptive policies and ensuring resilient and equitable water 
governance (Tyagi et al. 2024; Zheng et al. 2025). This need 
is particularly acute in arid and semi-arid regions, such as 
the Tigris–Euphrates Basin, where water-scarcity, pollu-
tion, and ecosystem degradation collectively threaten the 
long-term sustainability of riverine systems (Mensoor et al. 
2022). Evaluation techniques can be categorized as follows: 
(1) real-time sensors for hydrodynamics (e.g., measuring 
river levels and flow rates), (2) remote sensing for detecting 
pollution sources (Ahmed et al. 2023), and (3) laboratory 
testing of samples, which includes physical, chemical, and 
biological analyses (Ewaid et al. 2020). Despite advances 
in real-time monitoring, predicting river water quality 
remains difficult due to its nonlinear, dynamic, and non-
stationary behaviour (Chen et al. 2024). Techniques such 

Introduction

As primary sources for domestic, industrial, and agricul-
tural water, rivers require robust ecological and hydrody-
namic management to balance the competing demands of 
human development and environmental sustainability (Qi et 
al. 2024). A comprehensive evaluation of river water qual-
ity and quantity is the basis of sustainable water resource 
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as Computational Fluid Dynamics (CFD) (Bao et al. 2022) 
and Machine Learning (ML) (Najah Ahmed et al. 2019) 
can complement traditional sampling. CFD and ML (sup-
ported by GIS) can complement traditional sampling. Still, 
their integration remains limited forjointly capturing water 
quantity–quality dynamics under highly variable hydrologic 
and climatic forcing. Simplified hydrodynamic indices and 
models can indicate stagnant zones, yet they are coarse and 
become less reliable when discharge fluctuates strongly 
(Higashino 2011). Tracer-based investigations have been 
used to explain pollutant transport in stationary or low-flow 
regions; nevertheless, these methodologies are often limited 
to confined experimental environments and brief temporal 
scales (Abessi et al. 2012). Remote sensing has been used 
to identify stagnant surface waters and assess their quality; 
however, it often provides surface-only imagery that does 
not capture underlying dynamics or temporal fluctuations 
(Rahman et al. 2011). Previous regional studies of the Tigris 
River (e.g., Torabi Haghighi et al. 2023) primarily focused 
on alterations in the flow regime and climatic or upstream 
regulatory impacts, often neglecting the geometric and 
hydrodynamic characteristics that control stagnation, recir-
culation, and pollutant retention.

Computational Fluid Dynamics (CFD) has significantly 
advanced the understanding of aquatic hydrodynamics 
and pollutant transport by resolving complex flow fields 
and concentration gradients (Alfwzan et al. 2024). In riv-
erine research, CFD applications range from simplified 
one-dimensional (1D) momentum balances to fully three-
dimensional (3D) simulations. For instance, Mannina and 
Viviani (2010) used 1D momentum and mass-balance equa-
tions in the Savena River (Italy) to evaluate how discharge 
affects biochemical oxygen demand (BOD₅). Moving to 
multi-dimensional analysis, Ismail et al. (2022) employed a 
2D advection–dispersion model at the Diyala–Tigris conflu-
ence to forecast organic matter and TDS, illustrating how 
tributary interactions reshape dispersion. For environments 
requiring higher turbulence resolution, Wang et al. (2023) 
implemented 3D models with k-ɛ closures, demonstrating 
that higher width-to-depth ratios enhance lateral mixing. 
These studies collectively suggest that contaminant fate is 
governed by the interplay of flow velocity, mixing intensity, 
and organic characteristics, which together dictate transport 
and retention (Zhang et al. 2024).

Water Quality Index (WQI) is a dimensionless indicator 
that aggregates multiple parameters into a single score to 
classify water quality (e.g., polluted to excellent) (Nasir et 
al. 2022). Recent developments have simplified sub-index 
calculations within the weighted-arithmetic approach while 
retaining the underlying sub-index structure that underlies 
WQI computation (Haghiabi et al. 2018). WQI outputs are 
commonly used either as continuous analysed targets or 

as categorical water-quality classes (Al-Asadi et al. 2022; 
Sidek et al. 2024), and several implementations remain 
robust when observations are incomplete (Asadollah et al. 
2021).

In parallel, machine-learning (ML) methods are increas-
ingly used to analysis and classify water quality. Decision 
Trees (DT) are valued for their interpretability and their 
ability to represent non-linear relationships in hydro-envi-
ronmental data (Liu et al. 2023), while k-Nearest Neigh-
bours (k-NN) offers locally adaptive classification that can 
be effective for spatially continuous datasets, although its 
performance is sensitive to feature scaling and standardiza-
tion (Shams et al. 2024). Beyond these, ensemble learners 
such as Extra Trees have also shown strong performance for 
WQI prediction (Asadollah et al. 2021). Transfer-learning 
frameworks combining classifiers (including DT and k-NN) 
have been applied to map shifts among water-quality classes 
across basins; however, these approaches remain predomi-
nantly statistical and typically do not embed hydrodynamic 
context or flow-regime coupling (Niazkar and Piraei 2025). 
Similarly, ML-based drought and hydrological risk assess-
ments quantify climatic and meteorological drivers at 
basin scales, but do not resolve reach-scale hydrodynamic 
and geometric controls that govern stagnation, pollutant 
retention, and localized degradation within river channels 
(Huang et al. 2025). Consequently, a persistent gap remains 
between catchment-scale ML forecasting and reach-scale 
flow–quality interactions in arid systems with strongly fluc-
tuating discharge. While CFD–ML integration is increas-
ingly applied in engineered water systems (e.g., clarifiers) 
to support process understanding and control (Li and Shata-
rah 2024), comparable integration for river water-quality 
vulnerability remains limited. A rare example is Seifi and 
Riahi-Madvar (2019), who coupled one-dimensional CFD 
with ML to improve dispersion modelling in open-channel 
flows, illustrating the potential of CFD–ML coupling for 
river pollution assessment.

Existing WQI and ML studies are predominantly station-
oriented or statistics-driven. In contrast, traditional hydrau-
lic and CFD research rarely quantifies the coupling between 
stagnation and WQI in a manner that is transferable or 
directly operational for water treatment plant (WTP) man-
agement in arid, regulated rivers. Unlike prior approaches, 
where WQI is analysed as a standalone indicator or ML clas-
sifiers are applied without explicit hydraulic context, this 
study develops a novel, integrated reach-scale framework 
specifically actionable for water extraction management. 
Through k–ε turbulence-based CFD simulations, flow con-
nectivity is mapped and stagnation-prone zones delineated 
under variable discharge and morphological conditions, 
thereby providing a physical basis for identifying regions 
where low-velocity conditions persist, and self-recovery 
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capacity is diminished. Using geometric and hydraulic data, 
DT and k-NN models classify these CFD patterns to quickly 
detect stagnation during routine operations. By coupling 
these stagnation diagnostics with observed WQI behaviour, 
the link between hydraulic vulnerability and treatment rele-
vance is explicitly established. Accordingly, this research is 
directed toward mapping reach-scale stagnation under fluc-
tuating discharge regimes, quantifying the linkage between 
stagnation extent and WQI variability, and developing inter-
pretable ML classifiers to translate complex hydrodynamic 
outputs into operational stagnation classes for drought-time 
WTP decision support.

Methodology

Figure 1 illustrates the CFD-based Comprehensive Water 
Assessment Framework, integrating hydraulic data, water 
quality parameters, and river geometry into a unified diag-
nostic system. The workflow executes parallel tracks for 
WQI calculation and k–ε turbulence-based CFD modelling, 
ensuring high-resolution mapping of flow dynamics and 
pollutant transport. Validated outputs are categorized using 
the Decision Tree and k-NN algorithms to delineate stagna-
tion zones. This coupling enables systemic spatial-temporal 

visualization and correlation analysis of mechanisms of 
water-quality deterioration.

Site description

The Tigris River flows through Iraq, ultimately reaching a 
length of 1418 km. The Tigris River basin, spanning around 
340,500 km2, primarily consists of sedimentary rocks, with 
igneous and metamorphic formations being confined to the 
northern and northeastern areas (Hussein et al. 2023). The 
climate of the catchment area ranges from arid to semi-arid; 
annual precipitation in the north exceeds 1000 mm, whilst in 
the south it is below 50 mm (Al-Ansari et al. 2019). Bagh-
dad, the capital of Iraq with a population of over 5.4 million, 
relies solely on the Tigris River as its potable water source 
(Kibaroglu and Gürsoy 2015). In Baghdad, raw water is 
abstracted from the Tigris River through multiple intake sta-
tions; this study focuses on ten of them. These withdrawal 
points coincide with monitoring locations, ensuring that the 
measured physico-chemical parameters directly represent 
the quality of water entering the treatment facilities and sup-
plied to the urban population. The network of plants spans 
from the East Tigris in the north to Al-Wahda in the south, 
which served as the sampling stations in this study (Fig. 2).

The water level data were retrieved from the Database 
for Hydrological Time Series of Inland Waters (DAHITI), 

Fig. 1  Workflow of the CFD-
based Water Assessment Frame-
work for integrated analysis of 
flow, stagnation, and water qual-
ity in surface water bodies
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created in 2013 (“DAHITI Dataset” updated). DAHITI 
provides various hydrological data on diverse inland water 
bodies, including rivers, sourced from satellite photogra-
phy. Using a correlation (Eq. 1) established with Baghdad 
Tigris River data from 1952 to 2019 (Hussein et al. 2023), 
relationships between river level and flow rate were derived 
to convert DAHITI water-elevation records into continuous 
flow-rate estimates.

Q = 81.263 · (H − 25)1.614� (1)

where: Q is the flow rate in m3/s, and H is the water eleva-
tion in m. Figure  3 shows the time-series of Tigris River 
flow rate, precipitation, and air temperature in Baghdad 
(2014–2023). The upper panel compares river flow (m³/s) 
with rainfall (mm/day), showing clear seasonal peaks dur-
ing wet months and reductions in summer. The lower panel 
illustrates the corresponding air temperature cycle (°C). The 
data, extracted from the NASA POWER database (“NASA 
POWER | Data Access Viewer” updated) at coordinates 
33.322°N, 44.3996°E, demonstrates the strong influence of 
seasonal rainfall patterns on river flow. To represent con-
trasting hydrological conditions, three reference years were 
selected: 2019, a moderate-flow year; 2022, a drought year; 
and 2023, an above-moderate-flow year.

Comprehensive water quality data for the Tigris River 
Baghdad reach (2014–2023) were sourced from the official 
monitoring program of the Baghdad Municipality. Monthly 

grab samples were collected at all active monitoring sta-
tions, yielding a decadal time series that captures critical 
seasonal and interannual variability under diverse hydro-
logical regimes. Field sampling and laboratory analytical 
procedures were performed in strict adherence to the APHA 
Standard Methods for the Examination of Water and Waste-
water. The 1998 edition was applied to samples collected 
prior to 2023, while the 2022 edition (24th ed.) was utilized 
specifically for the 2023 sampling phase (APHA 1998, 
2022). Physical parameters, including electrical conductiv-
ity (EC) and turbidity, were measured in situ with calibrated 
sensors, and total dissolved solids (TDS) were estimated 
using standard EC–TDS conversion relationships. Total 
suspended solids (TSS) were determined gravimetrically, 
while total hardness (TH) and calcium (Ca²⁺) were quanti-
fied through EDTA titration. Chloride (Cl⁻) concentrations 
were determined via AgNO₃ titration, and nutrient levels 
(nitrate, NO₃⁻; phosphate, PO₄³⁻) were analyzed using pho-
tometric methods. Given that routine monitoring archives 
may lack exhaustive quality-assurance/quality-control (QA/
QC) metadata—such as detailed instrument calibration logs 
or method detection limits (MDL/LOQ)—a structured data-
screening protocol was implemented to ensure dataset integ-
rity. This procedure included unit verification, plausibility/
range checks, and internal consistency evaluations. Due to 
inconsistent reporting across the study period, dissolved 
oxygen (DO) was excluded from the Water Quality Index 
(WQI) aggregation to maintain a robust and continuous 

Fig. 2  Tigris River sampling stations in Baghdad. The monitoring sites coincide with municipal water delivery points
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analytical framework. The final parameter suite (pH, TH, 
TDS, TSS, turbidity, NO₃⁻, PO₄³⁻, Ca²⁺, and Cl⁻) was 
selected to represent both general hydrochemical character-
istics and indicators of anthropogenic nutrient enrichment.

CFD simulation setup

Hydrodynamic modelling was conducted in COMSOL 
Multiphysics using the k–ε turbulence model coupled 
with advection–dispersion equations to simulate contami-
nant transport. This Multiphysics approach simultaneously 
resolves flow dynamics and pollutant dispersion, provid-
ing high-resolution concentration fields and enabling accu-
rate analysis of contaminant fate in riverine ecosystems 
(Al-Mansori et al. 2020; Ubah et al. 2021). The equations 
provided embody the essential concepts regulating fluid 
dynamics and mass transfer. The mass continuity equation 
(Eq. 2) is the conservation of mass inside the fluid. It asserts 
that any variation in fluid density over time is attributable to 
the divergence of the mass flux , where U denotes the veloc-
ity field. This equation guarantees that mass is conserved, 
establishing the fundamental constraint for all subsequent 
flow computations (Bao et al. 2022).

∂ ρ

∂ t
= −∇ . (ρ · U)� (2)

The momentum balance is solved in RANS form as:

ρ

(
∂ U
∂ t

+ U · ∇ U
)

= −∇ p + ∇ ·
[
(µ + µ t)

(
∇ U + (∇ U)T

)]
+ ρ g + Fv� (3)

The term Fv  represents additional distributed (volume) 
forces implemented to account for reach-scale resistance 
effects (e.g., bed-friction drag). In shallow-water-type appli-
cations, bed resistance can be represented via a Manning-
type quadratic drag written as a momentum sink (Pu 2015):

Fv = −ρ Cf | U | U, Cf = gn2

R
4/3
h

� (3a)

Where n is Manning roughness, Rh is the hydraulic radius 
(the water level can be used for this variable), and g is grav-
itational acceleration. This flow specification, together with 
the turbulence closure provided by the k–ε model (Eq. 4), 
allowed the CFD simulations to resolve both the mean 
velocity distribution and turbulence effects under realistic 
hydrodynamic conditions (Ismail et al. 2022).

Fig. 3  Time series data of Tigris 
River flow rate, precipitation, and 
air temperature
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∂ (ρ . k)
∂ t

+ ∇ . (ρ · k · U) = Pk − ρ · +∇ .

[ (
µ + µ t

σ k

)
+ ∇ .k

]
� (4)

∂ (ρ )
∂ t

+ ∇ . (ρ · · U ) =
k

· ( C1 · Pk − C2· ) + ∇ .

[ (
µ + µ t

σ

)
+ ∇ .

]
� (5)

The turbulence production term is computed from the mean 
strain-rate tensor (S):

Pk = 2µ tS : S with S =1
2

(
∇ U+(∇ U)T

)
� (5a)

and eddy viscosity:

µ t = ρ Cµ
k2

ϵ
� (5b)

The values of the model constants are taken from ref Ismail 
et al. 2022): σk = 1.0, σε = 1.3, C1 = 1.44, C2 = 1.92.

Equation  (6) represents the scalar transport equation 
for pollutant concentration cin water. In this study, it was 
applied to key physico-chemical parameters expressed in 
mg/L, namely TH, [CaCO₃-eq.], TDS, TSS, NO₃⁻, PO₄³⁻, 
Ca²⁺, and Cl⁻. For the CFD simulations, the observed con-
centrations of these parameters were prescribed as mass 
transport boundary conditions, with each sampling station 
assigned its own monthly input values for 2023. The inlet 
boundary condition was defined using river flow rates from 
Eq.  (1) and time-series data (Fig.  3), with flow rates and 
water quality characteristics measured below the East Tigris 
station. The outlet was set to reference pressure (~ 0) to repre-
sent free downstream flow, while the remaining monitoring 
stations were treated as internal validation points, providing 
observed concentrations for model calibration. This station-
wise and time-resolved specification enabled the model to 
capture both the spatial heterogeneity among stations and 

the seasonal variability in pollutant loads along the Baghdad 
reach of the Tigris River. While D represents the diffusion 
coefficient in m2/s, which dictates the velocity with which 
the chemical disperses through the fluid medium, especially 
in research concerning contaminant dispersion in river sys-
tems (Alfwzan et al. 2024).

∂ c

∂ t
+ U. ∇ c = ∇ (−D · ∇ .c)� (6)

Figure 4 presents the geometric configuration and compu-
tational mesh of the Tigris River in Baghdad. The mod-
elled reach spans ~ 45  km with variable width, reflecting 
the river’s natural meandering. The CFD mesh was refined 
near riverbanks, intakes, and regions with steep velocity 
or concentration gradients to improve accuracy. The final 
mesh includes 8716 vertices and 11871 elements, with an 
average quality of 0.79 (average mesh skewness of 0.21, 
within the recommended range (< 0.33) for reliable CFD 
simulations (Al-Farraji and Hathal 2022). Table 1 presents 
the mesh-independence analysis for the CFD model of the 
Tigris River using four increasingly refined meshes (M1–
M4). Although M3 was acceptable, the final mesh M4 was 
adopted for robustness.

The CFD model was developed to resolve reach-scale 
hydrodynamic controls on flow connectivity and stagna-
tion under seasonal and interannual discharge variability. 

Table 1  Mesh independence analysis for CFD simulation of the Tigris 
River
Case Elements (N) Error as compared to finest (%)
M1–Coarse 5,634 11.11
M2–Medium 7,645 8.08
M3–Fine 9,821 3.03
M4–Finest 11,871 0.00

Fig. 4  Baghdad Tigris River geometry and mesh details
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To ensure computational feasibility for decadal simulations 
while maintaining physical interpretability, several founda-
tional assumptions were adopted. The fluid was modelled 
as a single-phase, incompressible medium with constant 
density and dynamic viscosity. While this approach omits 
temperature-induced viscosity fluctuations and potential 
density stratification (e.g., thermal or salinity gradients), 
the primary drivers of depth-averaged velocity in this sys-
tem—discharge, bed friction, and reach morphology—are 
expected to exert a dominant influence on stagnation metrics 
compared to secondary fluid-property variability (Ismail and 
Muntasir 2018). For the simulation, representative constant 
values were adopted based on the prevailing temperature 
range (8–40 °C) and salinity levels (< 1 g/L), where density 
remains within ~ 995–1000  kg/m³ and dynamic viscosity 
ranges from ~ 0.65 to 1.4 mPa·s (Herrera-Granados 2009). 
The spatial and temporal distribution of stagnation was 
quantified by identifying areas where the resultant velocity 
fell below a critical threshold. As supported by literature, an 
initial threshold of 0.1 m/s was considered (Gualtieri 2008). 
The calibration of this threshold was performed using a 
sensitivity-based approach, as illustrated in Fig. 5. A mono-
tonic increase in the stagnation area relative to the threshold 
velocity confirmed the physical consistency of the classifi-
cation. The stability of the response curves across diverse 
months suggests that the threshold is temporally robust and 
independent of seasonal anomalies. A pronounced sensitiv-
ity zone was identified near 0.1  m/s, representing a tran-
sition regime between advective and quasi-stagnant flow 
conditions. Thresholds below this value tended to underes-
timate stagnant zones, while higher values led to saturation 
effects that diminished discriminatory power. Consequently, 
0.1 m/s was selected as the optimal threshold for all subse-
quent analyses.

Suspended sediment transport and morphodynamic feed-
back were not explicitly simulated. Consequently, the model 
does not account for short-term turbidity pulses or bed 

evolution. Instead, sediment-related deterioration is implic-
itly accounted for through the stagnation indicator; persis-
tent low-velocity zones are physically synonymous with 
increased susceptibility to fine-particle accumulation and 
reduced self-cleansing capacity (Murib 2018). Furthermore, 
a 2D depth-averaged approach was prioritized over 3D 
modeling to facilitate reach-scale mapping across a 10-year 
period. While vertical velocity gradients and secondary cur-
rents at meanders or confluences are not resolved, the 2D 
approach effectively characterizes reach-scale stagnation 
susceptibility and its temporal evolution (Ismail et al. 2022). 
The influence of bed topography and sediment-mediated 
hydraulic resistance was rigorously incorporated through 
a literature-validated range of Manning’s n coefficients 
calibrated explicitly for the Baghdad reach. This procedure 
facilitated the derivation of a quantified uncertainty enve-
lope for the reach-scale velocity field, thereby establishing 
a robust physical foundation for the delineation of stagnant 
zones. The sensitivity of the predicted stagnation extent to 
bed roughness was found to be highly regime dependent. 
Under drought flow conditions (Q ≈ 223  m³/s), the model 
exhibitedits highest sensitivity; an increase in n from 0.02 
to 0.04 resulted in the stagnant fraction expanding from 
~ 63% to ~ 74%. This pronounced response is attributed to 
the prevalence of low-flow velocities near the defined stag-
nation threshold (V < 0.1 m/s), where minor frictional per-
turbations are sufficient to reclassify significant portions of 
the domain. In contrast, bed roughness exerted a negligible 
influence during moderate (Q ≈ 500  m³/s) and high-flow 
(Q ≈ 1500  m³/s) regimes, with stagnation remaining con-
sistently low at < 15% and < 5%, respectively. The adopted 
roughness range is consistent with reported Manning values 
for the Tigris River in Baghdad, where n values between 
0.025 and 0.035 are recommended based on bed morphol-
ogy and local elevation variability Asaad and Abed (2020).

The bends and shallow cross-sections of the river chan-
nel significantly alter local flow dynamics. To account for 
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the influence of channel geometry and evaluate the intensity 
of secondary circulation across varying flow regimes, the 
dimensionless Dean number (De) was employed (Ma et al. 
2026). The Dean number quantifies the relative magnitude 
of centrifugal and viscous forces and is expressed as:

De = Re

√
2d

R
� (7)

where Re is the Reynolds number based on the average flow 

velocity ( Re = ρ d U
µ ), d represents the localized hydraulic 

diameter of the channel section, and R is the radius of cur-
vature of the channel’s centerline.

Water quality index (WQI)

The monitoring dataset (2014–2023) was analysed through 
two complementary approaches to capture multi-scale vari-
ability. Temporal averaging across the decadal record was 
performed to assess spatial convergence and long-term sta-
tion comparisons, while monthly spatial averaging across 
all monitoring stations was conducted to evaluate seasonal 
dynamics. Particular emphasis was placed on the contrasting 
hydrological conditions of the 2022 drought and the subse-
quent 2023 recovery period. The WQI aggregation was con-
ducted using the weighted arithmetic (Brown) approach, as 
shown in Eq. (7). The parameter weights (relative weights) 
were adopted from Uddin et al. (2021), ensuring that each 
variable’s contribution to the composite index was standard-
ized. Within this framework, a higher weight was assigned 
to turbidity to reflect its significance as a rapid-response 
indicator of particulate loading and river impairment in 
urban reaches, where discharge-driven sediment mobiliza-
tion frequently dictates short-term water quality variability. 

Iraqi and international standards/guideline limits are taken 
from Table 2: Rivers ecological system standard values and 
proposed weights (Mahdi et al. 2021; Majeed 2024), as 
shown in Table 2.

WQI =
∑

wi · Qi � (8)

For each parameter, the observed value (vi) was converted 
into a quality rating (Qi) relative to its standard permissible 
value (si) and an ideal value (v₀), which is mentioned in 
Eq. 8.

Qi = 100 ·
(

Si − vi

Si − vo

)
� (8a)

Where v₀ was taken as zero for all parameters except pH, 
which has an ideal value of 7. Each rating was then multi-
plied by its assigned weight (wi), reflecting the parameter’s 
relative importance to aquatic health based on WHO and 
Iraqi river water standards. The final WQI was calculated 
as the weighted summation of these scores, providing a sin-
gle quantitative value of river water quality. Classification 
thresholds followed Ewaid et al. (2020) as shown in Table 3, 
which divide WQI into categories of Excellent, Good, Poor, 
Bad, and Polluted. The standard values and suggested 
parameter weights utilized in the calculations are compre-
hensively summarized in Table 2. These values were syn-
thesized from a diverse range of authoritative sources and 
international organizations, including WHO (2022), APHA 
(2022), and Iraqi national standards, ensuring both meth-
odological rigor and consistency with established regional 
studies. The standard value (Si) for pH was assigned as 8.5, 
representing the upper permissible limit for drinking water 
as stipulated by the World Health Organization (WHO 2022) 
and the American Public Health Association (APHA 2022). 
As detailed in Eq.  8, the calculation of the quality rating 
(Qi) for pH incorporates both the standard limit (Si = 8.5) 
and the ideal value (vo = 7.0). This dual-reference approach 
ensures that the index accurately reflects the acid-base equi-
librium of the Tigris River, which is governed by the carbon 
dioxide-bicarbonate-carbonate system (APHA 2022). By 
utilizing the 8.5 threshold as the standard permissible limit, 
the model maintains consistency with regional water quality 
protocols and international regulatory benchmarks.

Table 2  Rivers ecological system standard values and proposed 
weights
Parameters Standard values (Si) Weight (wi) e

pH 8.5a, b, c 0.147316
TH, CaCO3 Equivalent (mg/L) 500b 0.018114
TDS (mg/L) 1000b 0.018551
TSS (mg/L) 25b 0.02117
Turbidity (NTU) 45b 0.319948
NO₃⁻ (mg/L) 40b 0.154736
PO₄³⁻ (mg/L) 5.5b, d 0.227848
Ca+ 2 (mg/L) 150b 0.084679
Cl− (mg/L) 350b 0.007639

sum = 1
The parameter standards and relative weights are synthesized from 
various authorities as follows: (a)APHA (2022); (b)Iraqi national stan-
dards as cited by Mahdi et al. (2021) (c)WHO (2022) guidelines; (d) 
Mensoor et al. (2022); and (e) weighting factors adapted from Uddin 
et al. (2021)

Table 3  Water quality evaluation table (Ewaid et al. 2020)
Quality class WQI range
Excellent 91–100
Good 76–90
Poor (fair) 51–75
Bad 26–50
Polluted 0–25
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Statistical analysis was conducted using a combination of 
MINITAB and Python to ensure robust inference and cross-
validation of relationships among variables. MINITAB was 
employed to perform response-surface regression, analysis 
of variance (ANOVA), multicollinearity diagnostics (Vari-
ance Inflation Factor, VIF), and model selection based on 
statistical significance and predictive performance. In par-
allel, a Pearson correlation analysis was implemented in 
Python to quantify linear associations between stagnation 
metrics, water-quality parameters, and WQI, and to verify 
the consistency of trends identified by the regression-based 
framework. The combined use of ANOVA-based inference 
and correlation analysis enabled the identification of domi-
nant drivers from redundant or collinear variables, thereby 
strengthening the physical interpretability of the final model.

Stagnant area statistics using decision tree and 
k-nearest neighbours classification

CFD-derived datasets comprising monthly stagnation per-
centages and spatial velocity profiles were used as supervi-
sory inputs for machine learning (ML) to analyze stagnation 
dynamics. Two specific algorithms, DT and k-NN, were 
implemented. DT was selected for its transparent, thresh-
old-based architecture, which is ideal for identifying hydro-
dynamic regime boundaries and communicating rule-based 
decision logic (Raviteja et al. 2023). Conversely, k-NN 
was employed as a non-parametric complement to yield 
locally adaptive boundaries, facilitating the representation 
of spatially continuous river features and gradual transi-
tions between stagnant and non-stagnant zones (Shams et 
al. 2024). These models were intentionally prioritized over 
more complex “black-box” learners to ensure operational 
interpretability and robustness within water management 
workflows. To provide unbiased performance estimation, 
a leave-one-month-out (LOMO) protocol was executed 
using MATLAB’s Classification Learner. For each month 
of the 2023 dataset, models were trained on the remaining 
11 months, with training further refined via internal 5-fold 
cross-validation. Hyperparameters—including DT com-
plexity controls (maximum splits, minimum leaf size, and 
pruning) and k-NN settings (k-value, distance metrics, and 
weighting)—were optimized within each LOMO training 
set using a nested design to prevent optimistic bias. Feature 
standardization was restricted to training folds to eliminate 
information leakage into the held-out test month. Follow-
ing the 2023 LOMO cycle, final models were retrained on 
the complete 2023 dataset and externally validated against 
2019 and 2022 data to assess generalization across contrast-
ing hydrological regimes, including extreme drought. The 
classification features integrated geometric and hydraulic 
descriptors, including signed local curvature (κ)—estimated 

via quadratic fitting in a PCA-aligned tangent–standard 
frame (Ratliff 2019)—bend intensity, cumulative bend 
count, local orientation, and proximity to the bank or thal-
weg. These were synthesized with CFD-derived velocity 
distribution features. The interpretability analysis reveals 
that the flow rate acts as the root node for the primary split, 
as it establishes the system’s total kinetic energy. This ini-
tial split reflects the high sensitivity of the local velocity 
distribution to global discharge changes. Once the flow rate 
is defined, the Decision Tree incorporates Local Curvature 
(κ) and Geometry-derived features to pinpoint where the 
velocity is most likely to drop below the stagnant thresh-
old (0.1 m/s). This logic ensures that the model captures the 
physical process where the coupling between flow rate and 
geometry dictates the velocity field, rather than just correlat-
ing variables, thereby identifying the precise boundaries of 
stagnation zones.

Model performance was quantified using a suite of class-
aware metrics, including precision, recall (sensitivity), and 
the F1-score, as presented in Eqs. 9–12 (Shen and Cheng 
2022). These scores are used to ensure that the classifica-
tion of the stagnant class (velocity < 0.1  m/s) was robust 
despite shifts in class prevalence, particularly during the 
high-stagnation periods of 2022. The ML classifiers (DT 
and k-NN) were trained on high-resolution spatial veloc-
ity data. For each monthly simulation run, velocity vectors 
were extracted from 7788 discrete mesh nodes distributed 
across the reach. To create a robust binary classification 
target, a hydraulic threshold of 0.1 m/s was applied: nodes 
with velocities below this threshold were encoded as “Stag-
nant” (1), while those above were encoded as “Flowing” 
(0). To ensure the model captures seasonal and inter-annual 
variability, a Leave-One-Month-Out (LOMO) cross-val-
idation protocol was implemented. For the 2023 baseline 
year 85,668 instances (11 months) were used for training 
and 7788 instances (1 month) for testing in each fold. To 
assess generalization across extreme hydrological shifts, 
the full 2023 dataset (93,456 instances) was used to train 
the classifiers, which were then tested against independent 
monthly data from 2019 to 2022. The confusion matrices for 
training (Table D.1) and testing across independent years 
(2019, 2022, and 2023) (Table D.2) demonstrate that the 
classifiers learn local hydraulic patterns (e.g., area-velocity 
relationships) rather than fixed stagnation percentages. This 
explains the model’s high generalizability: by learning the 
local mechanics of flow separation at the node level, the ML 
framework successfully predicts high-stagnation regimes 
(e.g., 72% in 2022) even when trained on lower-stagnation 
years. To further validate the selection of DT and k-NN, they 
were benchmarked against alternative classifiers (QDA, 
Naïve Bayes, and SVM) under identical data splits. This 
rigorous framework ensures that the ML layer functions as 
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a reliable, interpretable diagnostic tool that translates com-
plex hydrodynamic fields into repeatable stagnation classes 
for operational decision support.

Accuracy = TP + TN
TP + TN + FP + FN

� (9)

Precision = TP
TP + FP

� (10)

Recall = TP
TP + FN

� (11)

F1 = 2 · Precision · Recall
Precision + Recall

= 2TP
2TP + FP + FN

� (12)

Results

The primary findings of this research are presented with a 
focus on the hydrodynamic controls of the Tigris River and 
their systemicimplications for water quality. Stagnant zones 
are characterized by seasonal and interannual flow vari-
ability, followed by a spatiotemporal analysis of the Water 
Quality Index (WQI) across the monitoring network. Fur-
thermore, the outputs of the CFD, DT, and k-NN models are 
validated against empirical data, and the mechanistic cor-
relation between reach-scale stagnation and chemical deg-
radation is established.

Stagnation area

As shown in Fig. 6, the extent of stagnation is primarily gov-
erned by hydrological forcing and its associated seasonal 
and interannual variability. A distinct inverse relationship 
was observed between river discharge and stagnant-area 
coverage. High-flow periods, characteristic of wet-season 
conditions, maintained low and stable stagnation fractions, 
indicating robust hydraulic connectivity and enhanced 

flushing that suppresses low-velocity zones. Conversely, 
declining discharge during dry seasons resulted in a marked 
expansion of stagnant areas. This shift reflects reduced 
momentum and weakened mixing, promoting flow sepa-
ration and recirculation within planform-controlled zones 
such as inner meander bends and widened reaches. This 
response was significantly amplified at a multi-year scale.

The extreme low-flow phase of 2022 was accompanied 
by peak stagnation values of ~ 49–72%, confirming that 
drought-regime discharge levels trigger a non-linear expan-
sion of stagnation hotspots. Following the partial recovery 
of flow in 2023, stagnation levels decreased toward base-
line conditions, reinforcing the conclusion that dynamics 
in the Baghdad reach are predominantly discharge-driven, 
with extreme drought acting as a critical modulator. The 
historical progression for the driest month of each year 
(2014–2023) is illustrated in Fig.  7. Stagnation remained 
relatively constrained between 2014 and 2018 (7–21%), fol-
lowed by a progressive escalation to 34% in 2019 and 36% 
in 2021, eventually reaching a zenith of 72% in May 2022. 
Conditions ameliorated in 2023, with the stagnant frac-
tion contracting to approximately 12%. These trends align 
closely with hydro-meteorological data, in which reduced 
discharge and precipitation directly correlate with stagnant 
expansion. Spatially, the 2022 stagnation was extensive and 
contiguous, particularly in segments downstream of Rusafa 
and Al-Kadhimiya, and throughout the Al-Qadisiyah–Al-
Doura–Al-Wahda reach. In these zones, tight meanders and 
shallow bathymetry promoted flow deceleration and large-
scale recirculation. By 2023, these clusters had fragmented, 
leading to improved longitudinal connectivity, with residual 
pockets concentrated near Al-Kadhimiya, Al-Karama, and 
Al-Sadr.

Spatial and temporal analysis of WQI

Analysis of Water Quality Index (WQI) dynamics reveals 
a persistent longitudinal decline coupled with pronounced 
seasonality, establishing a deterministic link between spatial 
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gradients and hydrological variability. As illustrated in 
Fig.  8, decadal averages (2014–2023) demonstrate a pro-
gressive downstream degradation gradient. WQI values 
decrease from ~ 65 at East Tigris (upstream) to ~ 60.6 at 
Al-Wahda (downstream). Upstream reaches are character-
ized by lower concentrations of TDS (~ 464–586 mg/L), TH 
(~ 284–320  mg/L), and turbidity (~ 25 NTU). Conversely, 
mid-city stations exhibit significantly higher turbidity (~ 96 
NTU) and TDS (600–631  mg/L), resulting in WQI val-
ues in the moderate-to-poor range (~ 60–63). Temporally, 
as shown in Fig.  9, WQI values peak during winter and 
early spring (66–68) before declining to seasonal minima 
(51–55) between July and September. A partial recovery in 
late autumn (61–66) coincides with seasonal precipitation. 

The high congruence between simulated and observed data 
(1–6% error) validates the model’s ability to capture the 
complex spatiotemporal dynamics of the Tigris system.

The monthly reach-scale analysis presented in Fig.  10 
identifies hydrodynamic stagnation as a primary indicator 
of hydraulic vulnerability, particularly regarding turbid-
ity-driven deterioration. Degraded water quality is non-
uniformly concentrated within high-stagnation regimes 
(> 40–50%), where prolonged low-connectivity hydraulic 
states are inherently associated with lower WQI values. 
Among the examined parameters, turbidity showed the most 
pronounced dependence on stagnation, with larger stagnant 
areas coinciding with elevated levels due to weakened self-
cleansing and increased fine-particle retention. In contrast, 

(a) stagnation zones during drought conditions.

(b) comparing between 2022 and 2023 drought months.

Fig. 7  Stagnant area profile of the 
Baghdad Tigris River downstream 
of the maximum drought condi-
tions between 2014 and 2023
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Fig. 9  WQI spatial distribution in the Tigris River, and comparison between CFD and stations data (2023)

 

Fig. 8  Average water characteris-
tics and WQI of various stations on 
the Tigris River (2014–2023)
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pH remained relatively buffered and independent of reach-
scale hydraulics. Ionic variables—including TH, TDS, Ca²⁺, 
and Cl⁻—exhibited moderate scatter, reflecting a complex 
interplay of geochemistry and anthropogenic inputs rather 
than stagnation alone. Similarly, nutrient indicators (NO₃⁻ 
and PO₄³⁻) showed limited dependence on the extent of 
stagnation, remaining primarily governed by upstream load-
ing and point-source emissions. Comprehensive spatiotem-
poral datasets, including monthly spatial distributions and 
reach-scale aggregated data, are detailed in Supplementary 
Tables A and B.

Validation with previous work

To benchmark the hydrodynamic realism of the CFD con-
figuration and address concerns associated with the 2D 
depth-averaged assumption, the simulated depth-averaged 
velocity response was compared with published hydrody-
namic results for the Baghdad reach (Al-Asadi et al. 2022). 

As shown in Fig.  11, the present model reproduces the 
expected discharge–velocity scaling across representative 
flow rates (≈ 289–870 m³/s) and consistently captures lower 
mean velocities in meander segments relative to straight 
reaches, reflecting planform-induced deceleration. This 
cross-study agreement supports that the adopted turbulence 
closure and roughness treatment yield a physically consis-
tent reach-scale momentum balance, and it directly validates 
the key diagnostic variable used in this work to delineate 
stagnation hotspots (depth-averaged velocity and a thresh-
old-based stagnation criterion). Although the 2D frame-
work cannot explicitly resolve vertical shear and secondary 
circulation, the close agreement in the discharge–velocity 
trend across both planform classes indicates suitability for 
reach-scale stagnation susceptibility mapping under multi-
yeardischarge variability, with an overall normalized RMSE 
of ~ 10% across the benchmark points.

The monthly comparison between CFD-derived Water 
Quality Index (WQI) values and station-observed data for 

Fig. 10  Pairwise relationships between reach-scale stagnation extent and physico-chemical water-quality parameters (2014–2023), with point 
colour representing WQI
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2023 is shown in Fig. 12, along with the associated error 
percentages. Both analytical approaches exhibited highly 
congruent seasonal trends, with CFD outputs aligning 
closely with empirical values. Error rates were consistently 
low throughout the year, typically ranging from 1% to 4%, 
with a single peak of approximately 6% in June. This high 
degree of convergence confirms the model’s capacity to 

effectively capture the complex seasonal fluctuations inher-
ent to the Tigris River system. Further validation of the cur-
rent model was conducted against the benchmark dataset of 
Ewaid et al. (2018), a widely recognized standard for water 
quality assessments in Iraq (Fig. 13). Correlation analysis 
revealed a robust linear relationship (Pearson r = 0.99; R² 
= 0.98), with data points clustering tightly around the 45° 
line of agreement. When the intercept was constrained to 
zero, a regression slope of 0.996 was obtained—virtually 
reaching unity (test vs. 1: p = 0.81)—indicating negligible 
proportional deviation.

DT and k-NN models

The credibility of the proposed machine learning (ML) layer 
was evaluated by benchmarking Decision Tree (DT) and 
k-Nearest Neighbour (k-NN) against alternative learners, 
including Quadratic Discriminant Analysis (QDA), Naïve 
Bayes (NB), and Support Vector Machine (SVM). Under 
the leave-one-month-out (LOMO) framework for 2023 
(Fig.  14a), both DT and k-NN achieved near-unity clas-
sification scores across all performance metrics. This high 
accuracy reflects the strong separability of flow regimes 
when physics-labeled CFD targets (U < 0.1  m/s) are inte-
grated with hydrodynamically meaningful predictors, such 
as reach geometry and velocity-distribution descriptors. The 
superiority of DT and k-NN was further confirmed through 
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the notably weaker performance of QDA and NB, particu-
larly in precision and F1-scores. This disparity suggests that 
distribution-based classifiers struggle to capture the non-
linear decision boundaries inherent to reach-scale stagna-
tion dynamics. While the SVM baseline demonstrated high 
general performance, DT and k-NN were prioritized as the 
primary models due to their transparent decision logic and 
operational interpretability—qualities essential for drought-
time decision support in water treatment plant (WTP) 
management.

External validation during the May 2022 extreme 
drought (Fig.  14b) confirms that the DT and k-NN mod-
els maintain superior generalization capacity. Their robust-
ness against overfitting is evidenced by stable performance 
despite significant hydrological regime shifts, with clas-
sification results anchored in the physical consistency of 
CFD-labeled stagnation definitions. Under 2023 LOMO 
testing (Fig. 15), stagnation area fluctuated between 6% and 
13%, with analytical errors generally remaining below 2%. 
Critically, external validation on the 2022 dataset (Fig. 16) 
demonstrated strong agreement with CFD reference out-
puts, even as stagnation prevalence escalated to 20–72% 
due to severe drought. Analytical errors during this extreme 
regime remained predominantly under 2%, further validat-
ing the model’s cross-year stability. Comprehensive perfor-
mance metrics, including confusion matrices and secondary 

classification scores, are detailed in Tables D1–D2 and E1–
E4 of the Supplementary Material.

The generalization capability of the ML classifiers from 
the 2023 training regime (6–13% stagnation) to the extreme 
conditions of 2022 (20–72% stagnation) is rooted in the 
node-level feature space. Rather than learning global sea-
sonal fractions, the models were trained on 93,456 individ-
ual hydraulic instances (7788 nodes × 12 months). Even in 
low-stagnation months, the 2D CFD mesh provides thou-
sands of ‘stagnant’ samples (velocity < 0.1 m/s) near bound-
aries, bars, and meanders. This ensures that the geometric 
and hydraulic ‘fingerprint’ of flow separation is well-repre-
sented in the training data. Consequently, when discharge 
dropped in 2022, the model did not face a ‘new’ physical 
phenomenon, but rather a spatial expansion of the same 
hydraulic susceptibility it had already mastered at the node 
level. The high accuracy across 2022 confirms that the clas-
sifiers learned the fundamental relationship between chan-
nel geometry and velocity thresholds, which remains robust 
across varying hydrological scales.

Flow–stagnation and WQI–stagnation correlations

Figure 17 highlights the strong non-linear influence of river 
flow on stagnation extent (R² = 0.98). When flows dropped 
below 200  m³/s, the stagnant area expanded dramatically 

a. Training classification performance.

b. Testing score performance
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(exponentially), often exceeding 30–72%, while flows 
above 600 m³/s restricted stagnation to less than 15%. This 
finding yields a threshold that explains the critical deteriora-
tion observed in 2022 (Fig. 14), when drought-driven flow 
reductions coincided with a sharp decline in the Water Qual-
ity Index (WQI) to ~ 54. By contrast, flows above 600 m³/s 
were associated with reduced stagnation (< 15%) and higher 
WQI values near 66, confirming the close link between flow, 

stagnation, and water quality. Figure 17 data are presented 
in Table C in the supplementary materials.

The bivariate correlation structure, summarized in 
Fig.  18, indicates that the Water Quality Index (WQI) is 
most strongly associated with turbidity (representing the 
largest negative Pearson r). The stagnation area (%) also 
demonstrates a significant relationship with WQI and sev-
eral co-varying water quality descriptors. Due to the intrin-
sic interdependence of physico-chemical parameters in 
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river systems, predictor selection was governed by the Vari-
ance Inflation Factor (VIF) to ensure a robust multivariate 
model. Candidate main effects and interaction terms were 
systematically evaluated, and any term that induced severe 
multicollinearity (VIF > 100) or lacked statistical support 
(p > 0.05) was removed to prevent coefficient instability and 
inflated standard errors. Specifically, TH (x₄), TSS (x₆), Cl⁻ 
(x₈), and NO₃⁻ (x₉) were excluded from the final response-
surface model. These variables exhibited excessive variance 

inflation (VIF ≫ 100) alongside non-significant p-values, 
indicating that their effects were redundant. Correlation 
analysis (Supplementary Tables F1–F2) confirmed that the 
excluded variables are highly correlated with the retained 
predictors—notably turbidity (x₂), TDS (x₅), stagnation area 
(x₁), and phosphate (x₁₀), suggesting that their influence on 
WQI is captured indirectly. The resulting Minimal model 
(Table  4) comprises stagnation area (x₁), turbidity (x₂), 
pH (x₃), TDS (x₅), Ca²⁺ (x₇), PO₄³⁻ (x₁₀), and a significant 

a. Full Pearson effect Matrix

b. Pearson effect on WQI.

Fig. 18  Correlative analysis of the 
effect of stagnation area % and 
physico-chemical properties on 
WQI
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stagnation × turbidity interaction (x₁ × x₂). All retained 
terms demonstrated statistical significance (p < 0.05) and 
acceptable multicollinearity. This VIF-controlled pruning 
yielded a model that is both statistically stable and physi-
cally consistent, providing high explanatory power while 
minimizing parameter redundancy.

The predictor selection is corroborated by the cor-
relation structures shown in Fig.  18, where the retained 
variables exhibit the most significant and interpretable rela-
tionships with the Water Quality Index (WQI). The align-
ment between Pearson patterns and the VIF-constrained 
ANOVA (Table  4) confirms that the fitted relationship is 
governed by a stable set of physically plausible drivers. 
WQI variability was found to be dominated by a minimal 
set of factors. Based on the predictive regression equation 
(Eq.  13), the primary drivers include stagnation area (x1; 
β1 = − 12.87), pH (x3; β3 = − 11.44), and turbidity (x2; β2 
= − 0.7242). These variables collectively account for most 
of the explained variance, reflecting the coupled effects of 
particulate loading and hydraulic retention during low-flow 
conditions. Notably, the positive interaction term between 
stagnation and turbidity (x1 × x2; β1,2 = 0.4576) confirms that 
the impact of turbidity on WQI is significantly amplified 
under stagnant conditions. The exceptional predictive per-
formance (R2 = 0.97, Adjusted R2 = 0.97, S = 0.79) confirms 
that these parameters represent the dominant mechanisms 
governing the water-quality response.

WQI = β 0 + β 1 x1 + β 2 x2 + β 3 x3
+β 5x5 + β 7 x7 + β 10x10 + β 1,2 x1 × x2

� (13)

Discussion

A critical quantitative link between hydrodynamic altera-
tions, localized stagnation, and water quality degrada-
tion along the Tigris River’s urban corridor is established 
by the findings of this study. Through the integration of 
high-resolution computational fluid dynamics (CFD) with 
machine learning and hydrochemical assessments, the phys-
ical mechanisms driving water-quality shifts are clarified, 
moving beyond a sole reliance on empiricalcorrelations. 

In the subsequent sections, spatiotemporal regime shifts in 
stagnation are contextualized, the robustness of the predic-
tive models is validated, and the governing hydrochemical 
dynamics are unpacked. Finally, these insights are trans-
lated into actionable operational thresholds for adaptive 
water management.

Hydrological regime shifts and spatiotemporal 
stagnation

A distinct regime shift in stagnation dynamics was observed 
over the decadal study period. From 2014 to 2019, peak 
stagnation (up to 34%) occurred during winter, driven by 
upstream dam regulation and snowfall storage in the upper 
basin (Mason et al. 2023). Post-2020, however, the critical 
stagnation window shifted to late spring and early summer, 
culminating in a historical maximum of 72% in May 2022. 
This expansion reflects the compound effects of extended 
drought, elevated temperatures, and depressed discharge 
(< 200 m³/s). Conversely, the 2023 recovery year saw dis-
charge restored to > 200  m³/s, reducing stagnant zones to 
~ 15%. Spatially, the downstream stations of Al-Sadr, Al-
Kadhumiya, and Al-Karama were identified as persistent 
hotspots. Their convoluted planform and shallow cross-sec-
tions exacerbate hydrodynamic stress during drought, align-
ing with observations in analogous regulated rivers where 
complex morphology and diminished flow create enduring 
stagnant zones (Abessi et al. 2012). These patterns were 
independently corroborated by Sentinel-2 imagery (“Senti-
nel-2 | Copernicus Data Space Ecosystem” updated) as seen 
in Fig. 19; the spatial correspondence between CFD-derived 
stagnant segments and remotely observed low-energy sur-
face expressions (e.g., inner bends and sheltered zones) con-
firms that channel geometry rather than numerical artifacts 
fundamentally govern stagnation. The Sentinel-2 imagery 
utilized in this study provides high-resolution, multi-spec-
tral optical data that captures the persistent surface expres-
sions of low-energy hydraulics and stagnation-prone zones.

Spatially, the downstream stations of Al-Qadesiyah, 
and Al-Karama were identified as persistent hotspots. As 
summarized in Table  5 (derived from the benchmarking 
in Fig.  11), the influence of secondary currents in mean-
dering segments is not negligible, with De values ranging 
from 4.9 × 104 to 1.2 × 105. In such “shallow-water” 
meanders, the hydrodynamic behavior is predominantly 
governed by bed-generated turbulence and frictional resis-
tance (Manning’s n) rather than 3D transverse mixing. Cru-
cially, the depth-to-radius ratio (d/R) at the sharpest bends 
is approximately 0.006. Such a low ratio indicates that the 
river is hydraulically “shallow,” where vertical and trans-
verse momentum exchange is secondary to longitudinal 
momentum and bed-generated turbulence. Consequently, 

Table 4  ANOVA table of selective model
Term Coefficients (β) T-Value P-Value VIF
Constant 180 230.00 0.000
x1 − 12.87 3.71 0.000 2.82
x2 − 0.7242 − 37.80 0.000 3.35
x3 − 11.44 − 6.33 0.000 1.41
x5 − 0.00825 − 3.40 0.001 8.41
x7 − 0.0327 − 2.27 0.025 7.22
x10 − 7.8 − 4.72 0.000 1.20
x1× x2 0.4576 9.87 0.000 1.38
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the likely bias of the 2D formulation is a slight overestima-
tion of stagnation (conservative bias) due to the absence of 
transverse mixing. However, this uncertainty is bounded by 
the Manning sensitivity already reported in Table 6, which 
demonstrates that frictional resistance exerts a more domi-
nant control over the stagnant fraction than 3D secondary 
circulation in this specific reach. This is confirmed by the 
Manning sensitivity analysis (Table 6) and the high spatial 

correspondence with Sentinel-2 imagery (Fig.  19), where 
remotely observed low-energy zones align perfectly with 
CFD-derived stagnation hotspots. This confirms that chan-
nel geometry, captured robustly by the depth-averaged k–
omega framework, fundamentally governs the reach-scale 
stagnation.

Machine learning robustness and generalization

The reliability of the CFD–ML integration was demon-
strated through a “train-once, test-across-years” protocol. 
Models trained on 2023 data were applied to 2019 (mod-
erate flow) and 2022 (Fig.  20, extreme drought) without 
retraining, achieving high fidelity with errors ≤ 2%. This 
cross-year stability—maintained despite significant hydro-
logical regime shifts—confirms that the model captures 
physically separable flow characteristics rather than over-
fitted seasonal signatures. The exceptionally high DT and 
k-NN scores do not indicate overfitting, trivial classifica-
tion, or circularity, as the model’s robustness was demon-
strated across multiple leakage-controlled and regime-shift 
conditions. First, performance was evaluated using leave-
one-month-out (LOMO), where each model was trained 
on 11 months and tested on an entirely unseen month, with 

Table 5  Calculated Dean numbers (De) across representative dis-
charge levels for straight and meandering reaches (d/R ≈ 0.006)
Q (m3/s) Velocity v (m/s) De (Meandering reach)
289 (Low flow) 0.18 4.9 × 104
400 0.25 6.8 × 104
870 (High flow) 0.45 1.2 × 105

Table 6  The stagnation area % sensitivity of various manning factors 
(n) and flow rates
Manning factor (n) Drought, Q = 49 

m3/s
Moderate, 
Q = 475 m3/s

High 
flow, 
Q = 1228 
m3/s

0 63% 8% 2%
0.01 72% 7% 2%
0.032 74% 4% 2%
0.04 73% 4% 1%

Fig. 19  Spatial consistency 
between modelled stagnation areas 
and Sentinel-2 imagery

 



1 3

201  Page 20 of 24 Applied Water Science (2026) 16:201

standardization and hyperparameter tuning confined to the 
training folds to prevent information leakage. Second, the 
models trained in 2023 were applied unchanged to 2019 
and the extreme-drought year 2022, maintaining consis-
tently high precision/recall/F1 despite significant changes 
in stagnation prevalence, which would not occur under an 
overfit or majority-class strategy. Third, complete confusion 
matrices confirm low FP/FN rates, proving that accuracy 
is not driven by class imbalance. Finally, benchmarking 
against QDA, Naïve Bayes, and SVM on the same split 
shows lower performance for the baselines, supporting the 
idea that DT/k-NNsuccess reflects a physically separable, 
physics-labelled stagnation problem, not circular learning 
or trivial rule matching. This protocol is similar to the previ-
ous one, which focused on event-based flood depth transfer 
(e.g., Pakdehi et al. 2024). This study targets the extent of 
stagnation and examines cross-year performance in a large, 
natural arid-region river.

Hydrochemical dynamics and process-based 
predictor selection

The longitudinal decline in WQI from ~ 65 upstream to ~ 60 
downstream is consistent with the cumulative pollutant load-
ing observed within the Baghdad urban corridor. This spatial 
gradient is characterized by increases in TDS, turbidity, and 
total hardness (TH), reflecting declining water quality as the 
river traverses the metropolitan reach. Seasonal variability 
further highlights the influence of hydrological conditions; 
higher WQI values in winter and early spring coincide with 
elevated flows that maximize dilution capacity, whereas 
summer declines (51–55) align with flow contraction and 
the subsequent accumulation of pollutants. These patterns 
correspond with findings by Varol et al. (2012), who noted 
that eutrophication risks in the Tigris are highest during 
summer low-flow periods—characterized by temperatures 
exceeding 25  °C and PO₄³⁻ levels surpassing 0.10  mg/L. 

In the Tigris River, statistical collinearity among physico-
chemical variables is rooted in shared hydrogeochemical 
and hydraulic controls. The strong covariation between TH, 
Ca²⁺, and TDS is a product of the basin’s carbonate-dom-
inated mineralogy. Hardness is primarily governed by the 
dissolution of limestone and dolomite formations, during 
which calcium ions are released in stoichiometric propor-
tion to total mineralization (Shakir et al. 2017). Similarly, 
the close correspondence between Cl⁻ and TDS reflects 
chloride’s conservative behavior as a tracer for both natural 
mineralization and anthropogenic wastewater inputs, par-
ticularly under low-flow conditions. Furthermore, TSS and 
turbidity are tightly coupled, as both respond to the sedi-
ment entrainment and resuspension processes that intensify 
during discharge fluctuations (Kadhem 2013).

Consequently, the elevated Variance Inflation Factors 
(VIF > 100) reported for these variables are interpreted as 
indicators of genuine process redundancy rather than sta-
tistical artifacts. Their exclusion from the final multivari-
ate model was necessary to avoid multicollinearity-driven 
instability while ensuring the model coefficients remain 
identifiable and physically interpretable. The resulting 
model structure retains representative predictors—such as 
TDS, Ca²⁺, and turbidity—to capture the dominant signals 
of mineralization, carbonate equilibrium, and particulate 
dynamics, respectively. This selection is entirely consistent 
with established hydrochemical characterizations of the 
Tigris (Kadhem 2013)and represents a physically meaning-
ful aggregation of correlated processes.

It is important to acknowledge a limitation in the cur-
rent WQI framework: the exclusion of Dissolved Oxygen 
(DO). While DO is the parameter most directly linked to the 
biological consequences of flow separation—such as anoxia 
and increased sediment oxygen demand—it was excluded 
from this study due to inconsistent reporting in the historical 
monitoring records. Consequently, the calculated WQI pri-
marily reflects physical and mineral loading (e.g., turbidity, 
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Total hardness and TDS) rather than immediate aerobic 
stress dynamics. While this limits the direct interpretation 
of oxygen-related biological impacts, the strong spatial cor-
relation between stagnation and high-weight parameters 
like turbidity and phosphates indicates that the model still 
effectively identifies zones at high risk of environmental and 
chemical degradation.

The application of a 2D depth-averaged model is robust 
for long-term reach-scale simulations; however, it is essen-
tial to discuss the implications of vertical flow structures 
in stagnant zones. In the low-flow regimes of the Tigris, 
particularly during summer months, the reduction in shear-
induced mixing can trigger localized thermal stratification 
and vertical velocity gradients. As highlighted by Higashino 
(2011), stagnant water bodies in arid environments act as 
settling basins where the downward flux of particulate-
bound nutrients (such as phosphates) exceeds vertical trans-
port. This settling process intensifies Sediment Oxygen 
Demand (SOD) and creates a decoupling between surface 
water quality and near-bed concentrations. While present 
2D model identifies these zones based on lateral velocity 
thresholds, the biological degradation within these ‘hotspots’ 
is likely exacerbated by these 3D vertical dynamics, which 
favour anoxic conditions and internal nutrient loading from 
the riverbed. Crucially, the 2D identification of stagnation 
hotspots serves as the spatial precursor to these complex 3D 
processes. Stagnation is the primary hydraulic driver; once 
the horizontal velocity threshold (0.1 m/s) is breached, the 
environment transitions into a state where vertical stratifi-
cation and nutrient settling become physically inevitable. 
Therefore, current depth-averaged framework maintains 
a robust mechanistic link with water quality dynamics by 
accurately mapping the spatial extent where these three-
dimensional degradation risks are concentrated, ensuring 
that the hydrodynamic-water quality nexus remains valid 
despite the vertical simplification.

Operational thresholds for water management

The identification of a safe-flow threshold of ≈ 200 m³/s is 
critical for mitigating raw-water risks in urban arid reaches. 
Below this limit, stagnation expands non-linearly to 30–72% 
of the reach, precipitously diminishing hydraulic connec-
tivity and self-cleansing capacity. Given that Baghdad’s 
total extraction is approximately 47.5 m³/s (Iraqi Ministry 
of planning 2024), withdrawals during low-flow periods 
can materially exacerbate these stagnant regimes. Water-
quality degradation is a deterministic process concentrated 
within these hydraulically disconnected states, supported 
by robust correlations between discharge and stagnation 
extent (R² = 0.98) and between discharge and the Water 
Quality Index (R² = 0.97). Practically, stagnation serves as 

a robust hydraulic vulnerability indicator for adaptive man-
agement. Utilizing discharge as a real-time early-warning 
trigger allows operators to redistribute withdrawals away 
from high-vulnerability corridors—such as Al-Kadhimiya, 
Al-Doura, and Al-Wahda—toward high-connectivity seg-
ments, such as East Tigris and Al-Wathba. For plants within 
persistent hotspots, intensified protocols, including opti-
mized chemical dosing and enhanced filtration, are essential 
to manage the elevated pollutant loads (e.g., PO₄³⁻ and tur-
bidity) inherent to low-energy hydraulic states.

Conclusions

This study identifies hydrodynamic stagnation as a robust 
reach-scale vulnerability indicator for water-quality deterio-
ration in the Baghdad reach of the Tigris River. Numerical 
simulations reveal that stagnation extent is primarily dis-
charge-controlled, exhibiting a non-linear expansion below 
a critical threshold of ≈ 200 m³/s. During the extreme drought 
of 2022, hydraulic connectivity loss reached ~ 49–72% of 
the reach, whereas discharges exceeding 600  m³/s effec-
tively suppressed stagnant zones. This flow-driven transi-
tion is mirrored in the Water Quality Index (WQI), where 
degraded conditions are non-uniformly concentrated within 
high-stagnation regimes. The framework’s analytical 
robustness is validated by aligning depth-averaged veloci-
ties with discharge–velocity scaling (NRMSE ≈ 10%) and 
by confirming that WQI statistics are equivalent to regional 
benchmarks within ± 2 units. Furthermore, the interpreta-
ble machine learning layers (DT and k-NN) demonstrated 
strong generalization capacity through “train-once, test-
across-years” performance, successfully mapping unseen 
hydrological regimes without retraining. Multivariate anal-
ysis confirms that WQI variability is governed by a Mini-
mal set of drivers—primarily turbidity, pH, and stagnation 
extent—with a significant stagnation × turbidity interaction 
revealing that particulate loading impacts are amplified 
under stagnant conditions. Operationally, these findings 
support a discharge-based early-warning system for water 
treatment plants (WTPs), enabling adaptive abstraction and 
proactive treatment adjustments during low-flow periods. 
While limitations in depth-averaging remain, this research 
provides a scalable blueprint for enhancing water-quality 
resilience in regulated arid-region rivers. Future research 
should prioritize integrating real-time monitoring and plant-
specific datasets to extend these findings to other vulner-
able aquatic systems formally. To adapt this framework as 
a scalable blueprint for other regulated arid rivers with dif-
ferentmorphometric characteristics, three primary require-
ments must be met: (1) high-resolution bathymetric surveys 
to accurately represent site-specific channel geometry in 
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the CFD environment, (2) consistent historical records of 
flow rates and water quality parameters to calibrate the WQI 
reference targets, and (3) re-training of the ML classifiers 
on the specific hydraulic feature space of the new river to 
account for unique curvature and roughness variations.
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