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Abstract 

Hydraulic erosion from suspended sediment is a major degradation mechanism in Francis 
turbines of sediment-laden rivers, especially in Andean hydropower plants. This study 
presents a Python3.9-based computational tool integrating the empirical Oka erosion 
model within a Lagrangian particle tracking framework, coupled to single-phase CFD in 
OpenFOAM 10. The novelty lies in a reduced-domain approach that omits the spiral 
casing and replicates its particle-induced swirl via a custom algorithm, lowering meshing 
complexity and computational cost while preserving erosion prediction accuracy. The 
method was applied to a full-scale Francis turbine at the San Francisco hydropower plant 
in Ecuador (nominal discharge 62.4 m3/s, rated output 115 MW, rotational speed 34.27 
rad/s), operating under volcanic and erosive sediment loads. Maximum erosion rates 
reached ~1.2 × 10−4 mm3/kg, concentrated on runner blade trailing edges and guide vane 
pressure sides. Impact kinematics showed most collisions at near-normal angles (85°–98°, 
peak at 92°) and 6–9 m/s velocities, with rare 40 m/s impacts causing over 50× more loss 
than average. The workflow identifies critical wear zones, supports redesign and coating 
strategies, and offers a transferable, open-source framework for erosion assessment in 
turbines under diverse sediment-laden conditions. 

Keywords: CFD; hydraulic erosion; Francis turbines; solid particles; Oka model;  
Lagrangian simulation; Python; OpenFOAM 
 

1. Introduction 
Globally, hydropower generation stands as one of the most significant renewable 

energy sources, contributing approximately 14% to total electricity production. In South 
America, its share exceeds 45%, consolidating its position as a pillar of the regional energy 
matrix [1,2]. In countries with mountainous geography and abundant water resources, 

Academic Editors: Ali Khalfallah, 

Carlos Leitao and Elango Natarajan 

Received: 8 July 2025 

Revised: 9 August 2025 

Accepted: 14 August 2025 

Published: 15 August 2025 

Citation: Narváez, M.; Guamán, J.; 

Hidalgo, V.H.; Pérez-Sánchez, M.; 

Ramos, H.M. Lagrangian Simulation 

of Sediment Erosion in Francis 

Turbines Using a Computational 

Tool in Python Coupled with 

OpenFOAM. Machines 2025, 13, 725. 

https://doi.org/10.3390/ 

machines13080725 

Copyright: © 2025 by the authors. 

Licensee MDPI, Basel, Switzerland. 

This article is an open access article 

distributed under the terms and con-

ditions of the Creative Commons At-

tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/). 



Machines 2025, 13, 725 2 of 26 
 

 

such as Ecuador, the hydroelectric infrastructure plays a strategic role within the national 
energy system [3]. 

In this context, Francis turbines have been widely adopted due to their ability to 
operate efficiently on a wide range of flow rates and net heads [4]. However, in numerous 
hydroelectric plants located in the Andean region, these turbines face adverse operating 
conditions due to the high load of mineral sediments transported by rivers. Such 
sediments are the result of natural processes such as surface erosion, geological instability, 
and the characteristic volcanic activity of the area [5]. 

The phenomenon of suspended solid particles constantly present in the flow induces 
hydraulic erosion. This progressive damage affects the internal surfaces of the turbine, 
especially the guide vanes, runner, and suction tube. Such wear compromises structural 
integrity and reduces system efficiency. It also increases corrective maintenance costs and 
leads to unplanned outages [6,7]. 

The severity of sediment-induced erosion is influenced by factors such as particle 
impact velocity and angle, particle size, hardness, concentration, and the material 
properties of the affected surface [8]. To quantify these effects, the model  proposed by 
Oka et al. stands out for its high agreement with experimental data and its suitability for 
turbulent flow conditions and metallic material wear prediction [9,10]. Recent research 
has further validated and extended the Oka model for diverse applications, including 
complex three-phase flows [11], wind-driven gravel erosion of concrete [12], and sediment 
erosion in Francis turbines [13–15], demonstrating its continued relevance in 2025. 

Advances in computational fluid dynamics (CFD) have enabled the integration of 
such models into detailed simulations of liquid–solid multiphase flows in hydraulic 
turbomachinery [16,17]. The Lagrangian particle tracking approach, often in a one-way 
coupling scheme, enables the prediction of erosion-prone regions with reasonable 
computational cost while preserving physical accuracy [18]. Recent studies have 
successfully coupled CFD with the Oka model to analyze erosion in industrial elbows [11], 
in high-head Francis turbines [14], in Himalayan sediment-laden hydropower plants [15], 
and even with enhanced formulations that account for non-spherical particles and 
variable granulometry [17]. 

Despite these advances, most works focus on specific industrial contexts (pipelines, 
concrete structures, Himalayan and Asian hydroelectric plants) with limited 
transferability to other hydrographic and sedimentological environments. There is a lack 
of studies applying this methodology to South American hydropower facilities, 
particularly in Ecuador, because the sediment characteristics and operational regimes 
differ significantly from previously reported cases. Moreover, while some recent 
approaches explore hybrid methods incorporating machine learning to improve 
predictive accuracy [12], the development of open, adaptable, and regionally calibrated 
computational tools remains a gap in the literature. 

The novelty of this work lies in integrating mesh optimization, validated 
hydrodynamic predictions, and erosion modeling into a single workflow applied to a full-
scale 115 MW Francis turbine under actual sediment-laden operating conditions. The 
workflow is implemented in OpenFOAM with customized Python-based post-processing 
to compute erosion rates using the Oka model. A dedicated Python module was 
developed to perform particle impact analysis through a Lagrangian approach, record 
impact conditions, and estimate local erosion. To reduce computational cost without 
compromising accuracy, the spiral casing was excluded from the mesh, and its effect on 
particle rotational motion was reproduced numerically. This integration enables accurate 
erosion prediction at a significantly lower cost, making it feasible to incorporate erosion 
assessment into early hydraulic design and maintenance planning without relying on 
commercial software. 
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As a case study, the methodology is applied to the San Francisco hydroelectric plant 
in eastern Ecuador, a facility reporting recurrent erosion damage under high gate-opening 
conditions. The proposed approach is open, reproducible, and adaptable, offering a 
framework for erosion assessment in hydraulic turbines operating under challenging 
sediment-laden flows and contributing transferable knowledge for similar hydrographic 
contexts worldwide. 

2. Theoretical Foundations 
The phenomenon of solid particle erosion in hydraulic turbomachinery is a surface 

degradation process caused by repeated impact of suspended mineral particles on 
metallic components under turbulent flow conditions [19,20]. This fluid–solid interaction 
leads to progressive material removal, altering the functional geometry of runner blades, 
guide vanes, and draft tube surfaces. In Francis turbines, such deterioration reduces 
hydraulic efficiency, increases operational costs, and shortens service life [16,21]. Similar 
patterns have been documented in sediment-laden hydropower plants in the Himalayas 
[15], in the Yellow River basin [14], and in large-scale installations in South America [22], 
highlighting its global relevance. 

The erosion mechanism depends on multiple interrelated factors: relative velocity of 
impact, angle of incidence, particle hardness and shape, and the mechanical properties of 
the impacted material [8,10]. High-load regimes in Francis turbines—particularly under 
high gate openings or partial-load operation—can intensify flow separation, recirculation, 
and stagnation zones, increasing both particle concentration and impact energy [7]. 
Comparable flow behaviors have been associated with concentrated wear in guide vane–
runner interfaces [17] and in labyrinth seal regions [12], emphasizing the importance of 
accurately modeling particle–surface interactions for erosion prediction. 

From a physical perspective, particle impacts can be classified into three main 
categories: (i) normal impacts, where the particle strikes the surface perpendicularly, 
causing localized plastic deformation and potential surface cracking; (ii) tangential 
impacts, where the particle slides along the surface, leading to wear through shearing, 
material removal, or micro-machining; and (iii) oblique impacts, which combine both 
effects and result in more severe damage paths due to accumulation of cyclic stresses as 
confirmed by CFD–Lagrangian analyses in sediment-heavy Himalayan flows [15,23] and 
in large Kaplan runners [11]. The severity of wear depends on the impact energy, 
frequency, and microstructure of the material [24]. 

Particle shape is another critical factor. Angular particles with low sphericity have 
sharp edges that intensify abrasive wear. In contrast, rounded particles tend to cause less 
damage, although they may penetrate deeper into the flow domain [10,24]. This finding 
aligns with observations in silt-rich Andean rivers, where angular mineralogy is prevalent 
[20]. Likewise, the relative hardness between the particle and the base material (ASTM 
A743 grade CA6NM steel) determines the cutting capability: if the particle is significantly 
harder, such as quartz against stainless steel, the wear progresses more rapidly, even at 
low relative velocities [25]. In the present case, the Francis runner manufactured by 
VATECH in Hwaseong si, Gyeonggi do, South Korea uses this material, which is known 
for its good resistance to cavitation and erosion but remains susceptible to accelerated 
wear under high quartz content and angular sediment conditions. 

At the macroscopic level, the operating conditions of the turbine influence the 
distribution and concentration of particles in the flow. Under partial load or hydraulic 
transients, the streamlines tend to become disordered, creating regions with a high 
probability of direct collisions [26]. Therefore, erosion is not uniformly distributed across 
internal surfaces, but is concentrated in specific regions whose identification is critical for 
predictive maintenance and geometric redesign [26,27]. 
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Among empirical models for erosion prediction, the formulation by Oka et al. [10,28] 
remains one of the most widely adopted due to its robust validation against experimental 
data and adaptability to different particle types and material hardness values. Its 
volumetric erosion rate per unit particle mass, E(α), depends on the impact angle α, 
velocity v, particle diameter d, and the Vickers hardness Hv of the target material. 

The general formulation of Oka’s model adopts the following structure: 

𝐸𝐸(𝛼𝛼) = 𝑔𝑔(𝛼𝛼) ∗ 𝐸𝐸90 (1) 

where E(𝛼𝛼) represents the volume of material removed per unit mass of a particle at an 
impact angle 𝛼𝛼 expressed in mm3/kg; 𝑔𝑔(𝛼𝛼) is the angular dependency function; and 𝐸𝐸90 is 
the volume removed at an impact angle of 90°. 

The functions g(α) and E90 are defined as follows: 

𝑔𝑔(𝛼𝛼) = �𝑠𝑠𝑠𝑠𝑠𝑠(𝛼𝛼)�𝑛𝑛1 ∗ �1 + 𝐻𝐻𝑣𝑣 ∗ �1 − 𝑠𝑠𝑠𝑠𝑠𝑠(𝛼𝛼)��
𝑛𝑛2

 (2) 

𝐸𝐸90 = 𝐾𝐾0 ∗ (𝑎𝑎 ∗ 𝐻𝐻𝑣𝑣)𝑘𝑘1∗𝑏𝑏 ∗ �
𝑣𝑣
𝑉𝑉′
�
𝑘𝑘2
∗ �

𝑑𝑑
𝐷𝐷′�

𝑘𝑘3
 (3) 

In this formulation, k2 and k3 are the exponents associated with the impact velocity 
and particle diameter, respectively. The coefficients n1 and n2 correspond to the 
parameters that determine the influence of the impact angle on the erosion rate. The 
variables D′ and V′ are standardization constants used to normalize the model’s output 
[9,16]. 

The first term, �𝑠𝑠𝑠𝑠𝑠𝑠(𝛼𝛼)�𝑛𝑛1, is associated with repeated plastic deformation or brittle 

fracture (depending on the value of n1). The second term, �1 + 𝐻𝐻𝑣𝑣�1 − 𝑠𝑠𝑠𝑠𝑠𝑠(𝛼𝛼)��
𝑛𝑛2

 , 
represents the cutting action, which is more pronounced at shallow angles (grazing 
impacts). This reflects the mixed nature of erosion damage: both cutting and impact 
mechanisms [10]. 

A key advantage of the Oka model is its ease of integration into Lagrangian CFD 
frameworks, enabling erosion to be computed locally at each recorded impact [29]. This 
approach has been used in OpenFOAM-based studies for sediment erosion in Pelton 
injectors [12], high-head Francis runners [15], and silt-laden draft tubes [13], with results 
showing strong agreement with field inspections. 

Implementing the model requires precise tracking of the impact position, the 
particle’s relative velocity, its angle of incidence, and the associated mass or energy [10]. 
When collected across millions of impacts, this dataset enables the construction of detailed 
erosion maps and the identification of critical wear zones. As a result, it is possible to 
assess how operating or geometric conditions influence the life expectancy of components 
[30]. 

In summary, by coupling a detailed physical characterization of erosion mechanisms 
with insights from recent applied studies, and by implementing the validated Oka 
formulation within an optimized Lagrangian framework, this work advances and 
expands the current state of erosion modeling in sediment-laden hydropower systems. 
The combination of proven empirical modeling with strategies to reduce computational 
costs not only meets operational constraints but also delivers transferable and 
reproducible methodologies for broader application. 

3. Materials and Methods 
This methodology was designed to spatially predict erosion caused by solid particles 

in a Francis turbine (VATECH in Hwaseong si, Gyeonggi do, Republic of Korea) operating 
under real flow rate and load conditions. This study employs a one-way coupled 
computational approach, linking the hydraulic simulation of the carrier flow using 
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OpenFOAM with Lagrangian tracking of solid particles through an in-house-developed, 
Python-based too. The local erosion rate was calculated using the empirical model 
proposed by Oka, which was directly implemented in the Python tool based on the 
kinematic data obtained at each particle impact. 

3.1. Geometric Simplification of the Domain 

A significant challenge in turbomachinery simulation is the computational burden of 
fully resolving complex geometries, particularly the volute. Although this region is 
essential for capturing and channeling flow into the corridor, it presents a complex 
geometry with multiple curvatures, peripheral inflows, and local refinement 
requirements that significantly increase the number of mesh cells and, consequently, 
simulation time. To address this limitation, an alternative geometric simplification 
strategy is proposed, based on removing the volute from the computational domain and 
replacing it with an equivalent vectorial inlet condition that replicates its hydrodynamic 
effect [31]. 

The volute is replaced by a custom boundary condition. This is imposed on an 
artificial plane positioned at the runner’s inlet. On this surface, a vector velocity field is 
imposed using the codedFixedValue condition, configured to generate a set of vectors 
radially oriented toward the runner’s axis, with an adjusted inclination to represent the 
inflow pattern that would be induced by the actual spiral casing. This synthetic field 
reproduces the momentum and general direction of the incoming flow without requiring 
resolution of the internal geometry of the volute [32]. In Figure 1, the geometry of the 
Francis turbine is presented with the component that will be removed (volute). 

 

 
(a) (b) 

Figure 1. Francis turbine geometry: (a) full assembly; (b) volute component (excluded in the 
simulation to reduce computational cost). Key dimensions: runner inlet diameter = 1530.8 mm; 
number of runner blades (Zb) = 13; guide vane height = 540.4 mm; number of guide vanes = 20; 
number of stay vanes = 20 [16]. 

This approach offers a key benefit: it drastically reduces the computational domain. 
This simplification reduces the cell count, accelerates mesh generation, and enables 
efficient execution of iterative or parametric studies, without compromising local 
hydrodynamic accuracy in the region of interest. 
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3.2. Geometric Modeling and Boundary Conditions 

A representative geometry of the Francis turbine from the San Francisco hydropower 
plant (Ecuador) was used, modeled from 3D scans of the runner–distributor assembly. 
The simulated domain corresponds to the interior of the runner of a Francis-type turbine, 
isolated from other hydraulic components such as the spiral casing or draft tube. Mesh 
discretization was performed using snappyHexMesh, applying local refinement to the 
surfaces of interest (runner blades and walls) and incorporating prismatic layers to better 
capture near-wall gradients [33]. 

The fluid domain was discretized using the snappyHexMesh mesh generator, 
starting from an initial structured mesh defined through blockMesh with cubic geometry. 
The final mesh was generated based on an STL file containing multiple regions 
representative of the physical domain, including the erosion analysis surfaces (blades 
runner, blades guide), twenty radially distributed inlet ports (inlet 1–inlet 20), and rigid 
boundary surfaces (walls, draft out). 

To accurately capture the solid–fluid interfaces and relevant geometric details, the 
castellated, snap, and addLayers meshing phases were enabled. In particular, mesh 
refinement with the insertion of prismatic layers (two layers) was applied on solid 
surfaces to improve the resolution of boundary conditions and shear stress gradients. 
Furthermore, the feature detection adjustment (featureSnapping) was activated using .obj 
files with marked edges, by setting the parameter explicitFeatureSnap true, in order to 
preserve critical geometric features. This configuration ensures an accurate representation 
of curved regions, sharp edges, and geometric transitions, guaranteeing mesh fidelity in 
complex hydraulic components [34,35]. 

Figure 2 provides a clear representation of the simplified turbine's geometry, which 
serves as the basis for the simulation setup.  

  
(a) (b) 

 
(c) 

Figure 2. Simplified geometry of the turbine used in the simulation: (a) side view; (b) top view; (c) 
isometric view. 

To accurately simulate the particle impact erosion process, a one-way Eulerian–
Lagrangian coupling strategy was adopted between fluid dynamics and solid particle 
dynamics. This approach decouples the solution of the velocity field from the particle 
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trajectory calculation, under the assumption that the particles do not significantly alter the 
flow field. This approximation is valid in dilute particulate regimes, where the total mass 
of the particles is small compared to that of the carrier fluid [36,37]. 

The methodology was structured in two stages: 

First stage: Solution of the fluid velocity field. 

The steady-state velocity field of the carrier fluid (water) was solved using the 
simpleFoam solver from OpenFOAM, which implements the incompressible steady-state 
Navier–Stokes equations for turbulent flow. The RNG k–ε turbulence model was selected 
for its ability to capture recirculation and flow separation. It also accounts for local shear 
stress anisotropies, which are typical in curved hydraulic components [38]. Convergence 
was verified by monitoring residuals (threshold of 10−5) and the stability of global 
quantities, such as mean pressure. 

Second stage: Particle injection and erosion simulation. 

Once the velocity field was obtained, the denseParticleFoam solver was used to 
resolve the Lagrangian transport of solid particles in the flow. The particle trajectories 
were integrated using Newton’s equation of motion, considering drag forces, gravity, and 
collisions. Feedback from particles to fluid was not considered, which is a valid 
assumption in dilute regimes [39]. In addition, the Oka erosion model was activated to 
estimate the local mass loss on impact surfaces. 

This type of coupling is widely used in erosion simulations in turbomachinery, as it 
significantly reduces computational cost compared to fully coupled models, without 
compromising accuracy in dilute particle regimes. However, in situations involving high 
concentrations of particles or local accumulation, bidirectional or fully coupled 
approaches are recommended [40]. 

3.3. Numerical Simulation 

3.3.1. Physical Conditions and Flow Model 

The flow simulation was carried out using a single-phase approach, assuming an 
incompressible and turbulent regime, since characteristic fluid velocities and system 
geometry rule out compressibility effects. Turbulence was modeled using Reynolds-
Averaged Navier–Stokes (RANS) equations with the standard k–ε model. The turbulence 
resolution was activated by setting the turbulence parameter on in the configuration file. 
This model is widely used in internal flows and has shown a good performance in 
predicting recirculation and flow separation in hydraulic geometries [41]. 

The physical properties of the fluid (water) were set as constants, with a kinematic 
viscosity of υ = 1 × 10−6 m2/s and a density of 𝜌𝜌 = 1000 kg/m3, corresponding to standard 
ambient temperature conditions. 

To simulate runner rotation without employing a moving mesh, a Multiple Reference 
Frame (MRF) scheme was implemented. This was defined over a central cylindrical region 
(mrfZone) of the domain, treated as a separate cellZone, in which a constant angular 
velocity was imposed. The rotation speed was set to ω = −34.271634 rad/s, applied along 
the positive Y-axis direction. This approach allows for efficient representation of the 
interaction between stationary flow and moving components, while maintaining a static 
simulation domain and significantly reducing computational cost compared to moving 
mesh methods (ALE or sliding mesh) [42]. 

3.3.2. Carrier Flow Simulation 

The flow of the carrier fluid (water) was resolved in the first stage of the one-way 
coupling using the simpleFoam solver, which is suitable for steady-state, incompressible 
and turbulent flow simulations. The RNG k–ε turbulence model was used due to its 
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robustness and its ability to capture flow separation phenomena in complex geometries 
[38,43]. This configuration allows for the generation of a stabilized flow field that 
subsequently serves as the basis for the Lagrangian transport of solid particles. 

The boundary conditions for the hydrodynamic variables are summarized in Table 1. 

Table 1. Boundary conditions for the k-ε model. 

Surface U p k Epsilon Nut 
Inlet codedFixedValue zeroGradient fixedValue fixedValue calculated 

Outlet zeroGradient fixedValue zeroGradient zeroGradient calculated 
Blades movingWallVelocity zeroGradient kqRWallFunction epsilonWallFuncion calculated 
Walls zeroGradient zeroGradient kqrWallFunction epsilonWallFunction calculated 

Boundary conditions were established based on controlled reference simulations, 
and a uniform inlet velocity of 30 m/s (U) was imposed, a value derived from previous 
erosion studies in the nozzles [30]. 

A noSlip boundary condition was applied at the domain walls to represent fluid 
adhesion to solid surfaces, allowing accurate resolution of the boundary layer. In addition, 
an equivalent surface roughness of 50 µm was defined to represent the texture of eroded 
steel. 

For the initialization of turbulent kinetic energy (k) and turbulent dissipation rate (ε), 
a turbulence intensity of 5% (I) and a hydraulic diameter of 3 mm were assumed, typical 
values for high-speed nozzles. Based on the selected turbulence intensity and hydraulic 
diameter, the initial values of k and ε were calculated using the following equations. 
Turbulent kinetic energy 

𝑘𝑘 =
3
2

(𝑈𝑈 ∗ 𝐼𝐼)2 (4) 

Turbulent scale length 

𝑙𝑙 = 0.07 ∗ 𝐷𝐷 (5) 

Turbulent dissipation rate 

𝜀𝜀 =
𝐶𝐶𝜇𝜇
1/2 ∗ 𝑘𝑘3/2

𝑙𝑙
 (6) 

The turbulent kinetic energy (k) was calculated as 3.375 m2/s2, while the turbulent 
length scale (l), based on the characteristic inlet diameter, was 2.1 × 10−4 m. From these 
values, the turbulent dissipation rate (ε) was determined to be approximately 4851.47 
m2/s3, ensuring consistency with the selected turbulence model parameters and the 
physical characteristics of the incoming flow. 

The inlet conditions were implemented using the fixedValue boundary type, while 
solid walls used wall functions (kqRWallFunction and epsilonWallFunction). Once 
numerical convergence was achieved, verified through residual thresholds, the velocity 
field, turbulent kinetic energy, and dissipation rate were exported in .vtk format to be used 
in Lagrangian particle simulation. 

3.3.3. Particle Transport 

Following stabilization of the velocity field, solid particle transport was simulated 
using the denseParticleFoam solver, part of the OpenFOAM library for Lagrangian 
simulations. The solver integrates Newton’s second law for each particle in a non-
interacting environment, accounting for forces such as drag, gravity, and wall collisions, 
without incorporating feedback from the particles to the fluid field. 
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The applicability of the one-way Eulerian–Lagrangian scheme was evaluated using 
the dimensionless loading parameter β. This parameter is defined as the ratio between the 
particle mass flow rate 𝑚̇𝑚𝑝𝑝 and the carrier fluid mass flow rate 𝑚̇𝑚𝑓𝑓, that is, 

𝛽𝛽 =
𝑚𝑚𝑝𝑝˙
𝑚𝑚𝑓𝑓˙

 (7) 

The parameter β quantifies the system’s particulate loading. It serves as a standard 
criterion to determine whether the dispersed phase affects the continuous fluid phase. It 
must be verified that 𝛽𝛽 ≤ 0.01, which is within the accepted threshold in the literature, to 
justify the use of one-way coupling without significant loss of accuracy [42]. 

For 𝛽𝛽 ≤ 0.01 , the influence of particles on the fluid velocity field is negligible, 
particularly in hydraulic engineering applications and erosion processes in dilute-phase 
regimes. Therefore, this simplification significantly reduces the computational cost 
without compromising the physical validity of the model [30]. 

The fluid mass flow rate was obtained from the expression 𝑚̇𝑚𝐻𝐻2𝑂𝑂 = 𝜌𝜌 ∗ 𝐴𝐴 ∗ 𝑈𝑈, where 
A is the cross-sectional area of the nozzle (𝐴𝐴 = 𝜋𝜋 ∗ 𝐷𝐷2 4⁄ ). Assuming a 1% particle loading, 
𝑚̇𝑚𝑝𝑝 = 0.01 ∗ 𝑚̇𝑚𝐻𝐻2𝑂𝑂, leading to a resulting 𝛽𝛽 = 0.0099. Since this value remains below the 
threshold of 0.01, the assumption of negligible particle-to-fluid feedback is valid within 
the dilute regime framework. 

This result confirms that the fluid–particle interaction is weak enough to employ a 
unidirectional coupling scheme without compromising the validity of the model. 

3.3.4. Particle Properties 

The particles used in the simulation were spherical silicon oxide (SiO2), a material 
commonly used in erosion studies due to its high hardness and thermal stability. Their 
physical properties, as reported by Cruzatty et al. [16], were a mean diameter of 100 µm 
and density of 2650 kg/m3. 

Based on these properties, the total number of particles injected during the 
simulation was estimated using the particle mass flow rate and the individual particle 
mass. The mass of a single spherical particle was estimated based on the diameter and the 
density, resulting in a volume of 5.24 × 10−13𝑚𝑚3  and a corresponding mass of 
1.39 × 10−9𝑘𝑘𝑘𝑘. The number of particles injected per second was calculated as 

𝑁𝑁 =
𝑚𝑚𝑝𝑝˙
𝑚𝑚𝑝𝑝

 (8) 

This results in an estimated injection rate of 1.53 × 106 particles per second under 
steady-state flow conditions. The selection of specific diameter and density values directly 
influences the particle impact kinetic energy and, therefore, the erosion rate, an essential 
factor for the model’s accuracy. 

3.3.5. Particle Simulation 

Solid particle transport was simulated through a discrete Lagrangian approach using 
parcels, where each parcel represents a statistically equivalent group of particles. Injection 
was configured in the cloudProperties file using the patchInjection model. Each domain 
inlet (inlet 1 to inlet 20) was assigned a separate injection source. The total injection rate 
was set at 50,000 parcels per second, corresponding to SiO2, commonly used in erosion 
experiments due to its high mass-to-volume ratio and its suitability to simulate moderate 
impact behavior [44]. The characteristics of the particles are summarized in Table 2. 
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Table 2. Summary of particles characteristics. 

Characteristic Unit Value 
Diameter µm 100 
Density kg/m3 2650 

Injection rate parcels/s 50,000 

Only drag was considered in the motion model, implemented via the sphereDrag 
formulation, which is appropriate for moderate Reynolds numbers. For interactions with 
solid surfaces, the rebound model was activated, defining the post-impact behavior of the 
particle. The coefficients used were the restitution coefficient e = 0.97, indicative of a nearly 
elastic rebound, and the friction coefficient µ = 0.09, responsible for tangential energy 
losses. Escape conditions were applied to all inlet and outlet surfaces, allowing particles 
that re-entered or exited the geometry to be removed from the simulation. 

Interparticle collisions were not considered, which is consistent with the previously 
established dilute particle concentration regime. To account for damping effects in non-
stabilized trajectories, the relaxation model was activated using the nonEquilibrium 
option, allowing for a more realistic transition toward dynamic equilibrium in the particle 
system. 

This Lagrangian approach, combined with simplified interaction models and no 
fluid-phase feedback, is particularly efficient for dilute flows in complex geometries and 
is widely used for prediction of surface erosion in turbomachinery and hydraulic channels 
[10]. 

3.3.6. Numerical Configuration 

The fluid field was solved using the simpleFoam solver from OpenFOAM, which is 
typically used for steady-state simulations but was adapted here in combination with a 
transient particle-coupled approach. To achieve this, the hybrid PIMPLE algorithm 
(SIMPLE + PISO) was applied. The number of outer correctors was set to 2, which 
improves numerical stability and convergence in simulations involving rotating domains 
and regions with strong gradients. 

The numerical convergence tolerances were strictly set to 1 × 106 for the main flow 
variables: pressure (p), velocity (U), turbulent kinetic energy (k), and dissipation rate (ε), 
to ensure the stability of the solution and the high-quality field resolution. 

The time control for the Lagrangian phase was defined using a constant time step of 
Δt = 0.0001 s, with a total simulation time of 5 s, which was sufficient to reach a steady-
state particle flow regime within the domain. Results were recorded every 0.02 s, enabling 
high-temporal-resolution post-processing and stability monitoring through the Courant 
number. 

3.3.7. Mesh Independence 

In general, the accuracy of the results depends to a large extent on the computational 
domain. Usually, a higher element density yields more accurate results; however, this 
proportionally increases the calculation time in a numerical simulation. For this reason, it 
is important to determine the point at which the mesh element density no longer affects 
the simulation results, in order to optimize computational resources to the maximum 
while still obtaining reliable results. 

Given the complexity of the computational domain used in this study, it is necessary 
to demonstrate that the optimization performed will not produce results that deviate from 
experimental values and previous findings. Hidalgo demonstrated that the computational 
domain resulting from the meshing technique used in his case study is independent of 
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element density [45]. Based on this information, four meshes with different element 
densities will be developed, starting from a very fine mesh used by Velasco and 
progressing to an optimized mesh. 

This will be determined by calculating the torque exerted on the turbine’s moving 
blades at the point where the calculated values reach stability, using the SIMPLE 
algorithm. These data will make it possible to determine whether the predictions obtained 
through numerical simulation are independent of the number of mesh elements used. 

As can be seen in Figure 3, all cases reach a stability value, obtaining the following 
results: 

The optimized mesh (1.31 M cells) yields a power of 103.20 MW and an efficiency of 
88.0%, corresponding to relative errors of 5.8% and 6.4%, respectively. The finest mesh 
(4.65 M cells) predicts 107.45 MW and 92.0% efficiency, with relative errors of 1.9% and 
2.1%. These deviations are within the range typically reported for steady RANS 
simulations of Francis turbines in the literature. 

 

Figure 3. Torque values in different meshes. 

Table 3 shows the torque, power, efficiency, error, and execution time values for different 
mesh models. 

Table 3. Torque values for different meshes. 

Model Number of Elements Torque [Nm] Power [MW] Efficiency Error [%] Run Time [h] 
Experimental - - 109.50 0.94 0.0 - 

Optimized 1 311 097 2 948 600 103.20 0.88 5.8 04h31 
Medium 2 3 774 986 2 986 000 104.51 0.90 4.6 07h10 

Fine 4 648 862 3 135 300 107.45 0.92 1.9 11h29 
Very fine 6 795 222 3 114 500 106.74 0.91 2.5 19h01 

3.3.8. Experimental Data Validation 

The numerical predictions were validated using operational records from the San 
Francisco hydropower plant, equipped with a Francis turbine manufactured by VATECH, 
with a rated output of 115 MW, a nominal discharge of 53 m3/s, and a rotational speed of 
34.27 rad/s (clockwise from top view). Key operational parameters include a water 
temperature of 16 °C, density of 998.9 kg/m3, and kinematic viscosity of 1.106 × 10−6 m2/s. 
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Table 4 summarizes the plant registers for different operating points, including 
measured pressures upstream (P1) and downstream (P2) of the turbine, discharge (Q), 
electrical power output, hydraulic power, and calculated efficiency. 

Table 4. Operational records and performance indicators of the San Francisco hydropower plant at 
different operating points. 

Q [m3/s] P1 [Pa] P2 [Pa] 
Electrical 

Power [MW] 
Hydraulic 

Power [MW] 
Efficiency [%] 

17.0 2,100,000 71,000 29.3 34.5 85 
25.9 2,090,000 72,000 40.3 52.3 77 
33.4 2,070,000 75,000 55.5 66.6 83 
33.2 2,060,000 70,000 56.2 66.1 85 
40.3 2,050,000 75,000 70.6 79.6 89 
45.1 2,050,000 80,000 79.2 88.8 89 
50.8 2,000,000 80,000 90.9 97.5 93 
56.0 2,000,000 80,000 100.1 107.5 93 
59.7 1,950,000 80,000 105.8 111.6 93 
62.4 1,950,000 80,000 109.5 116.7 94 

For the nominal operating point simulated (Q = 62.4 m3/s, P1 = 1.95 MPa, P2 = 0.08 
MPa), the measured electrical power is 109.50 MW, with an efficiency of 94.0%. Table 3 
compares these values with the results obtained for four mesh densities, including the 
mesh-independent solution. 

In addition to the quantitative validation, a qualitative comparison was carried out 
between the predicted erosion patterns and the actual wear observed in the runner and 
guide vanes during plant inspection. Figure 4 shows the erosion rate distribution 
computed with the Oka model (left) and the corresponding photographic evidence of the 
damaged surfaces (right). In both components, the highest simulated erosion intensities 
coincide spatially with the areas exhibiting the most severe material loss in the real 
turbine, particularly along the trailing edge of the runner blades and the pressure side of 
the guide vanes. This agreement in both magnitude and location supports the 
representativeness of the numerical model in reproducing the erosion mechanisms 
present under sediment-laden operating conditions. 

  
(a) (b) 
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(c) (d) 

Figure 4. Comparison between simulated erosion patterns using the Oka model and actual wear 
observed during plant inspection in the runner and guide vanes of the San Francisco hydropower 
plant: (a) numerical prediction of erosion in the runner; (b) photographic evidence of erosion in the 
runner; (c) numerical prediction of erosion on guide vanes; (d) photographic evidence of erosion on 
guide vanes. 

3.3.9. Post-Processing 

During simulation, several automated monitoring and analysis functions were 
activated through the controlDict file. Specifically, the hydrodynamic forces on the 
analysis surfaces (blade runners) were computed using the force function. Additionally, 
the solver recorded convergence residuals, the local y+ value (as a mesh quality indicator 
near walls), the Courant number, and the second invariant of the velocity gradient tensor 
(Q-criterion), which is useful for visualizing vortex structures. 

For erosion results, the field cloud:QOka corresponding to the erosion rates of the 
Oka model was exported. These datasets were prepared for analysis using external tools 
such as ParaView 5.9 (for 3D visualization) and Python, using PyVista v0.46.1 for spatial 
mapping and NumPy 2.3.2 for statistical analysis and erosion profiling. 

This integrated post-processing strategy allows not only for the validation of fluid 
dynamics and particle evolution fields but also for high-resolution spatial and temporal 
analysis of surface wear. 

3.4. Lagrangian Simulation Tool in Python 

A Python numerical simulation tool was developed to perform Lagrangian tracking 
of solid particles based on steady-state flow fields obtained through CFD simulations. The 
purpose of the model is to evaluate the behavior of sediment particles under the operating 
conditions of a hydraulic turbine, considering both individual trajectories and potential 
interactions with the internal surfaces of the system. 

The particles were injected on a defined surface upstream of the runner, with initial 
velocities that coincided with the surrounding flow. Spherical particles with a density of 
2650 kg/m3 and an average diameter of 100 µm were assumed, consistent with 
granulometric analyses of sediments from the Pastaza River [16]. Turbulent dispersion 
was modeled using a stochastic scheme in which random fluctuations were added to the 
interpolated velocity field. 

3.4.1. Spatial Interpolation of the Velocity Field 

To accurately simulate particle transport within a complex three-dimensional flow 
domain, it is essential to implement an effective method for interpolating the velocity field 
from a CFD simulation mesh to arbitrary locations in space. The proposed approach 
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allows the use of an interpolation scheme based on K nearest neighbors (K-NN), inversely 
weighted by distance. This approach provides a continuous estimation of the fluid 
velocity vector over a set of moving Lagrangian points [46]. The adopted formulation was 
as follows: 

𝑣⃗𝑣(𝑥⃗𝑥) =
∑ 1

𝑑𝑑𝑖𝑖 + 𝜀𝜀 𝑣⃗𝑣𝑖𝑖
𝐾𝐾
𝑖𝑖=1

∑ 1
𝑑𝑑𝑖𝑖 + 𝜀𝜀

𝐾𝐾
𝑖𝑖=1

 (9) 

where 𝑣⃗𝑣𝑖𝑖 represents the fluid velocity at node i of the mesh, 𝑑𝑑𝑖𝑖 is the Euclidean distance 
between the point of interest 𝑥⃗𝑥 and that node, and ε is a very small positive constant used 
to avoid division by zero when the distance is near zero. 

This type of interpolation is well suited for complex domains with unstructured 
meshes, as it avoids artifacts introduced by simple linear schemes and improves the 
stability of the Lagrangian model. However, its accuracy critically depends on the local 
node density and the number of neighbors selected [47,48]. 

3.4.2. Temporal Integration of Movement 

Particle motion was integrated using the explicit Euler method, which is widely used 
in Lagrangian dynamics because of its simplicity and low computational cost. This 
method allows the calculation of each particle’s future position and velocity based on its 
current state and the forces acting upon it. The governing equations used were 

𝑣𝑣𝑡𝑡+𝛥𝛥𝛥𝛥����������⃗ = 𝑣𝑣𝑡𝑡���⃗ + 𝑎𝑎𝑡𝑡���⃗ ⋅ 𝛥𝛥𝛥𝛥 (10) 

𝑥𝑥𝑡𝑡+𝛥𝛥𝛥𝛥����������⃗ = 𝑥𝑥𝑡𝑡���⃗ + 𝑣𝑣𝑡𝑡+𝛥𝛥𝛥𝛥����������⃗ ⋅ 𝛥𝛥𝛥𝛥 (11) 

where 𝑎𝑎𝑡𝑡���⃗  is the total acceleration, composed of gravitational acceleration and fluid drag 
force; 𝑣𝑣𝑡𝑡���⃗  is the current particle velocity; and Δt is the time step. 

Due to its conditional stability, a small time step of Δt = 0.0001 was used. The 
simulation ran for 5 s to ensure accuracy and resolution. This scheme is appropriate, as 
the goal is to achieve a high temporal resolution in a scenario characterized by frequent 
collisions and intense dynamic interactions [49,50]. 

Once the velocity at each particle location was determined through spatial 
interpolation, the particle’s velocity was updated using the explicit Euler scheme and the 
applied forces. 

3.4.3. Drag Force: Schiller–Naumann Correlation 

The interaction between the fluid and the particle was modeled through the drag 
force, which constitutes the primary mechanism for momentum exchange between the 
two phases. This force was defined on the basis of the classical Schiller–Naumann 
correlation, which is valid for spherical particles in laminar and transitional regimes with 
moderate Reynolds numbers. 

𝐹⃗𝐹𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =
1
2
∗ 𝐶𝐶𝑑𝑑 ∗ 𝜌𝜌𝑓𝑓 ∗ 𝐴𝐴𝑝𝑝 ∗ |𝑣⃗𝑣𝑟𝑟𝑟𝑟𝑟𝑟| ∗ 𝑣⃗𝑣𝑟𝑟𝑟𝑟𝑟𝑟 (12) 

where Cd is the drag coefficient, 𝜌𝜌 is the fluid density, Ap = πd2/4 is the projected area of 
the particle, and 𝑣⃗𝑣𝑟𝑟𝑟𝑟𝑟𝑟 is the relative velocity between the particle and the fluid. The particle 
Reynolds number is defined as 

𝑅𝑅𝑒𝑒𝑝𝑝 =
𝜌𝜌𝑓𝑓 ∗ 𝑑𝑑 ∗ |𝑣⃗𝑣𝑟𝑟𝑟𝑟𝑟𝑟|

𝜇𝜇
 (13) 

with µm being the dynamic viscosity of the fluid. Depending on Rep, the following 
condition applies: 
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𝐶𝐶𝑑𝑑 = �
24
𝑅𝑅𝑒𝑒𝑝𝑝

∗ �1 + 0.15 ∗ 𝑅𝑅𝑅𝑅𝑝𝑝0.687�        𝑠𝑠𝑠𝑠     𝑅𝑅𝑒𝑒𝑝𝑝 < 1000

0.44                                               𝑠𝑠𝑠𝑠     𝑅𝑅𝑒𝑒𝑝𝑝 ≥ 1000
 (14) 

This correlation has been experimentally validated and is widely used in multiphase 
flow simulations [51,52]. 

3.4.4. Collisions with Solid Surfaces 

Collisions were detected using a 3D KDTree spatial structure, constructed from mesh 
points on solid surfaces. This method enables efficient proximity queries in complex 
geometries. 

When a collision is detected, the velocity of the particle is reflected with respect to 
the normal surface at the point of contact, simulating an elastic rebound [53]. This 
operation is modeled using the following expression: 

𝑣𝑣new��������⃗ = 𝑣⃗𝑣 − 2 ∗ (𝑣⃗𝑣 ⋅ 𝑛𝑛) ∗ 𝑛𝑛 (15) 

where 𝑣⃗𝑣𝑟𝑟𝑟𝑟𝑟𝑟  is the velocity prior to impact and 𝑛𝑛  is the unit normal vector on the solid 
surface. To represent different energy restitution conditions during the collision, a 
restitution coefficient ε ∈  [0,1], which modifies the magnitude of the reflected velocity 
depending on the nature of the particle–surface interaction. 

This process is repeated until the total simulation time is completed, storing the 
trajectory of each particle for subsequent analysis and visualization. Model output enables 
identifying trajectory clusters, rebound zones, and areas prone to particle–surface wear. 

Each surface collision modifies the particle’s kinetic energy. The resulting impact 
conditions are then used to evaluate local erosion using the Oka model. 

3.5. Erosion Calculation with the Oka Model 

The formulation proposed by Oka et al. was adopted, which enables the evaluation 
of the volume eroded per unit mass of a particle under normal impact conditions (1), (2), 
and (3), using reference parameters and experimentally calibrated exponents for metallic 
materials [10]. 

The calibrated values of these parameters, which involve sand particles and stainless-
steel surfaces, are detailed in Table 5. 

Table 5. Parameters for the Oka model. 

Parameter Unit Value 
K0 - 65 
k1 - −0.12 
k2 - 2.36 
k3 - 0.19 
n1 - 0.78 
n2 - 1.27 
a - 0.0221 
b - 0.45 
V’ m/s 104 
D’ m 0.00326 

The accumulated erosion results per cell were stored in .vtk format and visualized 
using ParaView, allowing the generation of three-dimensional maps of potential damage 
on the hydraulic surface. 
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3.6. Simulated Scenarios 

Multiple simulations were carried out under different opening conditions of the 
runner (50%, 75%, and 100%) to evaluate the effect of the operating regime on the spatial 
distribution of erosion. For each case, between 105 and 106 particles were injected and 
several flow-equivalent seconds were simulated, allowing a statistically representative 
sampling of particle impacts. 

The comparison between scenarios allowed for the identification of repetitive 
damage patterns, validation of hypotheses about critical zones, and estimation of the 
relative increase in erosion as a function of the inlet flow rate. 

4. Results and Analysis 
4.1. Consistency Verification Between Full and Reduced Domains 

To validate the representativeness of the reduced geometric model, the pressure 
results on the runner were compared between two configurations of the computational 
domain. The first configuration included the complete domain comprising the spiral 
casing, guide vanes, runner, and draft tube. The second used a trimmed mesh restricted 
to the guide vanes, the runner, and a portion of the draft tube. 

Figure 5 shows a comparison of pressure distribution (Pa) over the runner in both 
domain configurations: (a) Full domain including the spiral casing, guide vanes, runner, 
and draft tube. (b) Reduced domain including only the guide vanes, runner, and part of 
the draft tube. 

 

Figure 5. Pressure distribution over the impeller for two domain configurations: (a) full domain 
(cone, guide vanes, impeller, and suction pipe); (b) reduced domain (guide vanes, impeller, and a 
segment of the impeller). 

The pressure distribution on the runner is shown to be equivalent in both cases, 
validating the use of the reduced domain for subsequent analyses. 
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4.2. Spatial Distribution of Erosion 

Figure 6 shows the spatial distribution of the erosion rate on the surfaces of the guide 
vanes (left), along with the trajectories of the solid particles (right). The color scale 
represents the magnitude of the accumulated erosion per cell, expressed in mm3/kg, as 
calculated using the Oka model. This value corresponds to the volume of material lost per 
kilogram of impact particles under local conditions of velocity, angle, and particle size. 

Highly eroded regions (darker tones) are concentrated on the rear side of the guide 
vanes, particularly near the mid-upper portion of their height. This location coincides with 
the concentration of particle trajectories, suggesting a higher frequency of impacts in those 
areas. The right-hand image confirms this correlation, showing a dense bundle of 
trajectories intersecting the eroded zone perpendicularly, indicating incidence angles near 
those associated with maximum erosion according to the model. 

The maximum erosion values reach approximately 1.2 × 10−4, indicating that up to 
120 microliters of material are lost per kilogram of suspended particles in the most critical 
zones. This is significant, as under real operating conditions, particulate flow can reach 
several kilograms per second, leading to substantial cumulative wear rates. 

Figure 7 presents the spatial distribution of the erosion rate on the runner (left), along 
with the solid particle trajectories (right), calculated using a Lagrangian simulation. As 
with guide vanes, the color scale represents the eroded volume per unit of particle mass 
in mm3/kg, according to the Oka model. 

  
(a) (b) 

Figure 6. Lagrangian simulation results on the guide vanes: (a) accumulated erosion rate; (b) particle 
trajectories. 
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(a) (b) 

Figure 7. Predicted erosion rate distribution (a) and particle trajectories colored by velocity 
magnitude (b). The outer ring exhibits denser trajectory visualization due to longer particle 
residence times. In the central hub region, particles pass through rapidly, and the applied opacity 
settings make their traces less visible despite their presence. 

The visualization in Figure 7 shows a higher density of particle trajectories in the 
outer ring of the runner. This occurs because sediment particles tend to remain longer in 
that region before exiting, while their passage through the inner sections of the runner is 
brief. Although particles do enter the hub-side passages, their short residence time results 
in minimal visible traces under the opacity settings applied in the post-processing. These 
settings intentionally enhance the visibility of regions with a high particle residence time, 
highlighting areas more prone to sediment-induced wear. 

The erosion is mainly concentrated in the runner outlet zone, particularly along the 
crown and band ring, with a predominance on the rear faces of the blades. This region 
corresponds to the passage of particles accelerated by the guide vanes and striking at 
intermediate to shallow angles conditions under which the model predicts high cutting 
efficiency and therefore greater volume loss. 

The right-hand image shows a high density of trajectories intersecting these regions 
tangentially, reinforcing the correlation between impact pattern and observed wear. 

These results allow for the identification of critical areas for potential hydraulic re-
design or application of abrasion-resistant coatings, as well as the definition of operating 
strategies to minimize prolonged exposure to erosive conditions [16]. 

Figure 8 displays the spatial distribution of the erosion rate on both sides of the 
runner blades: rear face (top) and leading face (bottom). The results were obtained 
through Lagrangian simulation using the Oka model, which estimates volumetric loss per 
unit mass of impact particles (in mm3/kg). 
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Figure 8. Surface distribution of erosion rate on the impeller blades. 

The rear face of the blade shows higher levels of erosion, with pronounced 
concentrations near the trailing edge, particularly toward the upper and lower regions of 
the blade. These zones correspond to areas where the flow directs particles along 
trajectories that impact at medium angles and high relative velocity—conditions that 
maximize damage per model employed. 

In contrast, the leading face exhibits considerably lower erosion levels, with a more 
diffuse and lower magnitude distribution. This aligns with the hydraulic behavior of 
Francis runners, where particles tend to follow streamlines and only occasionally impact 
the pressure side of the blade. 

4.3. Impact Kinematics Statistics 

4.3.1. Statistical Distribution of the Impact Angle 

Figure 9 presents the distribution of impact angles recorded during the Lagrangian 
simulation of solid particles suspended in the hydraulic flow through a Francis turbine 
runner. Most of the impacts occurred within a narrow range between 85° and 98°, with a 
peak around 92°, indicating a strong tendency toward normal or near-normal collisions 
with blade surfaces. 

The high erosion intensities observed near the trailing edge of the guide vanes and 
on the pressure side of the runner blades (Figure 7) are explained by the particle impact 
angle distribution shown in Figure 9. The dominant peak, between 85° and 100°, falls 
within the range of maximum erosion rate for ductile materials according to the Oka 
model, which explains the severe wear observed in both the numerical predictions and 
field inspections. The smaller peak near 150° is linked to reverse impacts produced by 
local flow recirculation zones, where particles are redirected toward the surface in the 
opposite direction of the main flow. Furthermore, the minor group of impacts below 40° 
in Figure 9 can be interpreted as mirror angles of the main impacts. These occur when 
particles strike surfaces oriented in the opposite direction, generating complementary 
impact geometries that still contribute to localized material removal. 
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Figure 9. Statistical distribution of solid particle impact angles on impeller surfaces. 

This behavior is consistent with applied CFD and real turbine studies, such as those 
by Cruzatty et al. and Shrestha et al., which show that under high sediment load 
conditions, particles tend to follow trajectories resulting in frontal collisions, especially 
near the trailing edge and suction side of the blades. According to the Oka model, widely 
used in similar contexts, this angular range corresponds to the maximum severity of 
erosion in brittle materials and still critical conditions in ductile materials such as turbine 
steels [16,54]. 

The near-zero frequency of low-angle impacts (<45°) suggests that particles are not 
grazing surfaces tangentially. Although this is favorable in terms of reducing friction, it 
may not reduce total erosion, as normal impacts are more likely to remove material via 
direct penetration or microfracture depending on impact velocity and relative hardness. 

Some isolated cases with angles around 140° to 150° were identified, likely the result 
of reflected or recirculated trajectories. Although infrequent, such impacts can contribute 
to unexpected wear on the surface of the main blade or on the internal structure of the 
duct. 

Overall, the distribution confirms that the simulated flow regime generates 
potentially aggressive conditions for structural materials in the runner, concentrating 
impacts in an angular range associated with high erosive efficiency per the Oka model 
and experimental evidence from sediment-laden hydraulic turbines. 

4.3.2. Statistical Distribution of the Impact Velocities 

Figure 10 shows the histogram of impact velocities for solid particles recorded in the 
CFD–Lagrangian simulation of internal flow through a Francis turbine. Most impacts 
occurred at velocities between 5 and 10 m/s, with a frequency peak around 5 m/s, typical 
conditions for sediment transport in moderate-flow regions of the runner or guide vanes. 
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Figure 10. Histogram of particle impact velocities recorded during the simulation. 

The distribution in Figure 10 shows two distinct clusters of particle impact velocities, 
one concentrated between 5 and 10 m/s and another near 40 m/s, with an absence of events 
in the intermediate range. This behavior is a consequence of the flow field inside the 
turbine. Particles that interact with blades, guide vanes, or low-energy recirculation zones 
rapidly decelerate and fall into the low-velocity group, while those travelling through the 
main high-energy channels maintain velocities close to the inlet until impact. The lack of 
intermediate values suggests that particles either lose a significant portion of their 
momentum almost immediately upon entering low-energy regions or preserve most of it 
until collision, with no gradual transition between the two states. 

According to the Oka model, erosion E is proportional to impact velocity raised to an 
exponent k2 (typically between 2.3 and 2.8 for metals), i.e., E ≈  vk2. Consequently, an 
impact at 40 m/s may cause over 50 times more damage than one at 8 m/s. 

This effect has been confirmed in both experimental and numerical studies. High-
velocity impacts tend to concentrate in flow acceleration zones, such as runner trailing 
edges and narrow regions of the draft tube. These particles, carrying greater kinetic 
energy, cause intense localized erosion, especially when striking at oblique angles optimal 
for material removal [55–57]. 

5. Discussion 
The results obtained in this study provide strong evidence regarding the erosion 

mechanisms that affect Francis turbines operating in solid particle-laden flows. The 
combined use of computational simulation with OpenFOAM and a customized 
Lagrangian model implemented in Python enabled the evaluation of wear severity on the 
runner and guide vanes with high spatial and statistical resolution. This section interprets 
the findings in the context of the specialized literature, examining their validity, technical 
implications, and possible limitations. 

5.1. Comparison Between Full and Reduced Domains 

One of the initial methodological decisions evaluated was the simplification of the 
geometric domain. By comparing the simulation that includes the spiral casing, guide 
vanes, runner, and draft tube with a reduced domain consisting only of the guide vanes, 
runner, and a portion of the outlet tube (Figure 5), it was observed that the pressure 
distributions on the runner were virtually identical. This equivalence validates the use of 
the reduced domain for particle impact studies. It significantly reduces computational 
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requirements while maintaining the accuracy of the pressure field and facilitates 
parametric simulations at lower operational costs. 

This approach is consistent with the findings of Montomoli et al. (2011), who 
demonstrated that inlet conditions can be effectively represented using synthetic velocity 
profiles [32]. Likewise, Arocena and Danao (2023) highlighted the viability of this type of 
geometric reduction in multiphase flow studies when the focus is on the runner without 
compromising analytical quality [31]. 

5.2. Spatial Distribution of Erosion and Correlation with Trajectories 

The erosion maps on the guide vanes (Figure 6) and the runner (Figure 7) show that 
the highest material loss is concentrated at the trailing edges of the blades. In particular, 
significant wear is observed on the rear face and trailing edges near the crown and band 
ring. This distribution is explained by the acceleration of the flow and the orientation of 
the particle trajectories, which direct the particles toward these surfaces with angles close 
to a normal incidence. 

This pattern aligns with observations by Cruzatty et al. (2022), who reported that 
regions near the trailing edge of the blades experience a higher concentration of impacts 
and wear [16]. In these areas, the two-phase flow accelerates, changes direction, and 
guides the particles toward vulnerable metallic surfaces, causing kinetic energy 
accumulation, concentrated impact, and localized damage. 

The particle trajectories, overlaid in the figures, clearly demonstrate spatial 
coincidence between regions of high impact density and areas of greatest erosion. This 
correlation validates the accuracy of the developed Lagrangian method and supports the 
use of the Oka model in hydro-turbomachinery contexts. 

5.3. Impact Angle and Velocity Statistics 

The impact angle distribution (Figure 9) shows a peak around 92°, indicating a 
predominance of almost perpendicular impacts. This type of collision generates greater 
wear in medium-hardness metals commonly used in hydraulic components, as 
determined by Oka et al. [10]. Perpendicular impacts tend to produce micro-cutting, 
surface micro-fracture, and localized material removal [10]. 

The velocity distribution (Figure 10) shows a trend centered between 6 and 9 m/s, but 
isolated high-velocity events above 30 m/s were also detected. Although infrequent, these 
high-speed collisions contribute significantly to cumulative damage. The Oka model 
applies a non-linear exponent (k2 ≈ 2.36) to the velocity, amplifying the erosive effect of 
such events. 

Studies by Thapa et al. [8] and Fortini et al. [25] demonstrate that even small increases 
in velocity can lead to significant increases in wear rate. This relationship highlights the 
importance of optimizing hydraulic profile design to reduce zones of abrupt acceleration, 
minimize turbulence near solid surfaces, and avoid alignments that favor high-kinetic-
energy impacts [8,25]. 

5.4. Applicability of the Oka Model and Engineering Considerations 

The Oka model has proven to be suitable for estimating erosion caused by solid 
particles under realistic hydrodynamic conditions. It accounts for the effects of the impact 
angle, velocity, diameter, and mass of the particle. The model output in mm3 of loss per 
kilogram of particles allows the estimation of cumulative wear volumes, the calculation 
of loss rates over time, and the projection of component lifetime. 

Its integration into a Python-based tool coupled with OpenFOAM results enabled a 
detailed evaluation of wear in actual turbine geometries. The tool facilitated the detection 
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of vulnerable areas, a comparison between scenarios, and the establishment of hydraulic 
redesign criteria. 

The methodology developed allows erosion analysis under different operating 
conditions. It also enables the comparison of alternative designs and the evaluation of 
mitigation strategies, such as abrasion-resistant coatings, thermal treatments, or 
modifications in blade geometry. 

6. Conclusions 
This study successfully demonstrated a coupled simulation approach—integrating 

OpenFOAM with a customized Lagrangian particle tracking model—for evaluating 
erosion patterns caused by solid particle impacts within a Francis turbine. The use of a 
reduced computational domain, excluding the spiral casing, proved effective in accurately 
reproducing the pressure distribution on the runner, significantly lowering computational 
costs without compromising hydrodynamic accuracy. The areas of highest erosion were 
identified on the rear face of the guide vanes and in the outlet region of the runner, 
particularly near the crown and band ring. These zones aligned with high-density particle 
trajectories impacting at angles and velocities known to intensify material damage, as 
predicted by the Oka model. The analysis revealed a predominant impact angle near 92°, 
consistent with severe erosion due to nearly normal impacts, and a velocity range mostly 
between 6 and 9 m/s—with occasional high-energy collisions up to 40 m/s contributing 
disproportionately to material loss. 

Beyond confirming known erosion mechanisms, the methodology enabled the 
quantification of volumetric material loss per unit mass of impacting particles and the 
localization of critical erosion zones. These capabilities offer a robust foundation for 
evaluating alternative designs and mitigation strategies, such as protective coatings or 
hydraulic redesign. The results align with the existing literature and validate the 
applicability of the Oka model under real-world conditions involving high sediment 
loads, like those found in Andean hydroelectric systems. A key contribution of this study 
is the demonstration that reliable erosion predictions for large-scale Francis turbines can 
be achieved using a fully open-source workflow, combining OpenFOAM simulations and 
Python-based post-processing. This not only reduces licensing costs but also enhances the 
reproducibility and adaptability of the methodology for different turbine geometries and 
operating conditions. Future research may build on these findings to explore the influence 
of material properties, optimize runner and vane geometries, and assess the long-term 
effectiveness of erosion-mitigating techniques, contributing to more resilient and efficient 
hydraulic systems. 
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