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A B S T R A C T

BOAR is an open-source Python framework for automated hydraulic roughness calibration in two-dimensional 

shallow-water numerical solvers. BOAR combines Bayesian optimization with conditional sampling to integrate 

expert knowledge, including feasible parameter ranges and inter-parameter constraints, thereby reducing the 

number of model evaluations. It standardizes calibration workflows, improves reproducibility, and supports flex­

ible, user-defined loss functions. Applied to 25 laboratory vegetated compound-channel flow cases, it converged 

within a median of 9 model runs for a depth-error of 0.4%–1.5% tolerance. The current implementation interfaces 

with BASEMENT and can be extended to other river-modeling tools, providing a flexible and extensible solution 

for hydraulic modeling. 
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1 . Motivation and significance

Two-dimensional depth-averaged shallow water (2D-SW) solvers are 

well-established tools in hydraulic engineering and environmental re­

search modeling. Their applications range from flood simulation, to 

morphodynamic processes, to habitat and water quality assessment 

[1–5]. 

In 2D-SW models, hydraulic roughness is the primary closure relation 

used to represent energy losses associated with bed surface roughness, 

turbulence, and major roughness elements such as vegetation [6,7]. 

In practice, it is commonly specified through empirical coefficients re­

lated to bed composition or land use, such as the Strickler coefficient 

𝑘𝑠𝑡 (units of 𝐿1∕3𝑇 −1) or the Manning coefficient 𝑛 = 1∕𝑘𝑠𝑡. Because 

hydraulic roughness condenses several distinct physical processes into a 
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single parameter, it is a major source of uncertainty [7]. Moreover, as 

the sole closure relation in basic 2D-SW models, it also absorbs unre­

solved physical effects, including secondary currents, three-dimensional 

processes, and vertical roughness variations [6–8], as well as numeri­

cal effects related to spatial discretization or turbulence-model coupling 

[1]. Consequently, miscalibration can lead to errors in computed flow 

fields [4] and flood hazard estimations [1,6,9], thereby undermining the 

reliability of real-time flood modeling [5]. Since hydraulic roughness 

often requires recalibration whenever model discretization or boundary 

conditions are modified, the process can be labor-intensive. Automation 

would therefore not only accelerate model development but also facili­

tate the repeated recalibrations necessary for robust real-time modeling 

and early-warning systems.

Several optimization strategies are commonly applied to 2D-SW sim­

ulations, ranging from time costly, labor-intensive manual calibration to 

Bayesian optimization (BO) [10]. Although both approaches can achieve 

comparable error levels, manual calibration typically requires on the 

order of hundreds of trial runs [11], whereas automated BO converges 

after a few dozen [5,11]. This represents a limitation, as depending on 

the spatial scale and resolution, a single 2D-SW simulation may require 

days to weeks of computational time [5,11,12]. By constructing a sur­

rogate probabilistic model that learns the shape of the loss function 

(usually quantified by the root-mean-square error, RMSE), BO drasti­

cally reduces the number of expensive model evaluations required for 

convergence [5,10,13]. In practice, BO can attain the same calibration 

precision as manual tuning up to eight times faster [11].

Bayesian approaches to model calibration can be understood in 

two related but distinct ways: (i) Bayesian-optimization-based deter­

ministic calibration, as employed in this study, and (ii) full Bayesian 

calibration as statistical inference. In the first setting, a Gaussian-process 

surrogate approximates the expensive calibration objective, and an ac­

quisition function selects the next model evaluation; the output is the 

roughness parameter set that minimizes the chosen error metric, rather 

than a posterior distribution over roughness parameters [14,15]. In the 

second setting, the model parameters are treated as uncertain quanti­

ties, and prior distributions, likelihood functions, and observation-error 

assumptions are combined through Bayes’ theorem to obtain poste­

rior distributions and uncertainty estimates for the parameters [16,17]. 

The deterministic Bayesian optimization approach avoids the addi­

tional assumptions and computational effort required for full posterior 

inference over the physical parameters, making it well suited for compu­

tationally expensive shallow-water simulations and real-time calibration 

workflows [5,14,15].

Other implementations of hydraulic roughness calibration frame­

works for 2D-SW models exist, but they either (i) do not employ 

Bayesian optimization [12], (ii) lack a mechanism for enforcing con­

ditional constraints (e.g., “roughness of region A must be greater than 

that of region B”) within the optimization process [5,18,19], or (iii) are 

primarily designed for 2D-SW models that are coupled with sediment-

transport modules and therefore do not directly address calibration 

under fixed-bed conditions [11,20,21].

To address these limitations, we developed BOAR, a lightweight, 

open-source Python framework designed to streamline and standard­

ize hydraulic roughness calibration in 2D-SW models. The software 

integrates a hydro- and morphodynamic model with two Bayesian 

optimization engines. BOAR enables the incorporation of hydraulic 

expertise—such as expected hydraulic roughness ranges and relation­

ships between spatial hydraulic roughness classes—into the calibration 

process. This capability accelerates convergence and enhances usabil­

ity, facilitating applications in both scientific research and engineering 

practice.

2 . Software description

BOAR is designed to automate hydraulic roughness calibra­

tion procedures in hydrodynamic simulations using BASEMENT, a 

GPU-accelerated two-dimensional freeware software for river processes 

[2,22]. The package is written in Python ≥ 3.10 and relies on widely 

adopted scientific libraries, namely h5py, numpy, openpyxl, optuna, pan­

das, PyYAML, scikit-learn, scipy and torch. Although the Python code itself 

is platform-independent (noarch), it requires a working installation of 

BASEMENT (v4.2) which is presently available for x86/x86-64/arm64 

architectures on Microsoft Windows and Linux. BOAR is organized into 

seven modular components and a helper batch script, as illustrated in 

Fig. 1 and described in Table 1. The code is available on GitHub, where 

it is developed and maintained: https://github.com/baw-de/BOAR.

2.1 . Software functionalities

2.1.1 . Governing equations

In a Cartesian frame of reference (𝑥𝑖, 𝑧), with 𝑥𝑖 (𝑖 = 1, 2) being 

the horizontal plane and 𝑧 being the vertical axis, the shallow-water 

equations can be cast in compact form as:

𝜕𝑡ℎ + 𝜕𝑥𝑖 (ℎ𝑢𝑖) = 0,

𝜕𝑡(ℎ𝑢𝑖) + 𝜕𝑥𝑗
(

ℎ𝑢𝑖𝑢𝑗 +
1
2
𝑔ℎ2𝛿𝑖𝑗

)

= −𝑔ℎ
(

𝜕𝑥𝑖𝑧𝑏 + 𝑆𝑓𝑖

)

, (1)

where ℎ [L] is the flow depth, 𝑢 [LT−1] is the depth-averaged horizontal 

velocity vector, 𝛿𝑖𝑗  [-] is the Kronecker delta, 𝑔 [LT−2] is the gravitational 

acceleration, 𝑧𝑏 [L] is the bed elevation, and 𝑆𝑓  [-] is the depth-averaged 

dimensionless bottom friction vector.

Under the hypothesis of turbulent flow, and hence under the assump­

tion that the energy line slope is proportional to the square of the flow 

velocity, the bottom friction terms 𝑆𝑓𝑖  can be written as:

𝑆𝑓𝑖 =
𝑢𝑖‖𝐮‖
𝑔ℎ𝑐2𝑓

(2)

where ‖𝐮‖ is the norm of the velocity vector and 𝑐𝑓  is the dimensionless 

friction (flow conductance) coefficient. Several formulae are available 

for 𝑐𝑓  in literature (see e.g., Table 1 in [2]). In this application we adopt 

and calibrate the roughness term using the well-known Strickler closure 

relationship:

𝑐𝑓 = 𝑘𝑠𝑡ℎ
1∕6∕

√

𝑔, (3)

where the Strickler coefficient (𝑘𝑠𝑡) [L1∕3T−1] is ultimately our 

parameter to be calibrated.

2.1.2 . Bayesian optimization procedure

The bo_optimizer.py module provides Bayesian optimization (BO) 

procedure. The module goal is to minimize a loss function given 

by the user at user_defined_configs/function_loss.py, mathemati­

cally the goal is to iteratively minimize the loss given by:

𝐱 = argmin
𝐱

𝑓 (𝐱) (4)

where 𝐱 is the decision vector that is used to calculate the user defined 

loss function 𝑓 (𝐱) [23] (see Section 2.1.4).

The Bayesian optimization procedure is built using a Gaussian-

process (GP) surrogate model with a Matérn covariance kernel, due to 

its flexibility in representing covariance structures [14]. The GP surro­

gate model provides a flexible probabilistic approximation of the loss 

function, allowing new model evaluations to be incorporated while pre­

serving the Gaussian process formulation [16]. Given the observation 

data, the kernel matrix (𝐤(⋅, ⋅)) is used to derive the posterior predic­

tive distribution at a new point 𝐱, characterized by the predictive mean 

𝜇(𝐱) (Eq. 5) and predictive variance 𝜎2(𝐱) (Eq. 6). The predictive mean 

provides an estimate of the loss function, while the predictive variance 

quantifies the uncertainty associated with this estimate. In BOAR, the GP 

surrogate model was implemented with a small customizable constant 

noise term, 𝛼 (default: 1 × 10−6), added to the diagonal of the kernel 

matrix to improve numerical stability.
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Fig. 1. Modular architecture of the BOAR software. The diagram illustrates the functional organization, showing the core tasks (symbols) and their respective files 

(colors). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1 

Description of BOAR modules. Modules highlighted in bold indicate those that require user modification (e.g., for setting optimization parameters or implementing 

custom loss functions).

Module name Description

boar.py Main entry point for BOAR (Bayesian Optimization for Automated Roughness calibration in two-dimensional hydrodynamic 

models).

run_boar.bat Auxiliary batch script (Windows) that facilitates the code replication and parallel execution of multiple calibration instances.

src/basement_tools.py Provides the interface between the calibration framework and the BASEMENT model.

src/bo_optimizer.py Implements the Bayesian optimization procedure, exposed through the BayesianOptimizer class.

src/cell_centroid.py Computes or imports the centroids of mesh cells used in the numerical domain.

src/friction_calibration.py Core calibration module. It processes user inputs, assigns default values, defines the calibration workflow, and integrates the user-

defined loss function before executing the Bayesian optimization routine.

src/functions_io.py Handles input and output operations for all required files.

src/functions_sampler.py Contains sampling strategies used to generate initial parameter sets and to support the Bayesian optimization process.

user_defined_configs/constants.py Stores constant file paths, including those for the BASEMENT executable, simulation inputs, ground truth data, and mesh 

directories.

user_defined_configs/function_loss.py Contains a user-defined function to evaluate the discrepancy between simulated results and ground truth data.

user_defined_configs/user_options.yaml Defines user-specified configuration options controlling simulation execution, sampling strategies, optimization settings, and 

surrogate model parameters.

Given the training set of hydraulic roughness points (𝐗𝑡), and the 

loss function evaluations (𝐲𝐭 = 𝑓 (𝐗𝑡)), the GP predictive statistics for 

the candidate point 𝐱 are:

𝜇(𝐱) = 𝐤(𝐱)⊤ 𝐾−1 𝐲𝑡 (5)

𝜎2(𝐱) = 𝑘𝑠𝑠 − 𝐤(𝐱)⊤ 𝐾−1 𝐤(𝐱) (6)

where the superscript (⋅)⊤ denotes transpose, 𝐾 =
[

𝑘(𝐱(𝑖), 𝐱(𝑗))
]𝑛
𝑖,𝑗=1 is the 

kernel matrix on the training vector 𝐗𝑡, 𝐤(𝐱) =
[

𝑘(𝐱(𝑖), 𝐱)
]𝑛
𝑖=1 is the cross-

kernel vector between training points and a test point 𝐱, and 𝑘𝑠𝑠 = 𝑘(𝐱, 𝐱)
is the kernel evaluation at the test point.

Before fitting the GP, both the input parameters and objective values 

are standardized via z-score normalization using scikit-learn. After each 

new evaluation, the scaler is refitted to the expanded training set before 

the GP is retrained. The kernel matrix (𝐤(⋅, ⋅)) is then computed on the 

normalized data.

Once the kernel regression is performed with the initial points, 

the new evaluation point is generated using the standard Expected 

Improvement (𝐸𝐼) acquisition function (Eq. 7). EI does not require pa­

rameter tuning and varies from zero at known points to positive values 

in between known points [23,24]. The next evaluation point is then 

calculated where 𝐱𝐧+𝟏 = argmax𝐸𝐼𝑛(𝐱).

𝐸𝐼𝑛(𝐱) = 𝔼𝑛

[

[

𝑓 ∗
𝑛 − 𝑓 (𝐱)

]

+

]

(7)

where 𝐸𝐼𝑛(𝐱) is the Expected Improvement at iteration 𝑛 for candidate 

𝐱, 𝔼𝑛 [⋅] is the expectation taken under the posterior distribution, given 

the previous loss function evaluations, 𝑓 ∗
𝑛 = min 𝑓 (𝐱𝑖) is the lowest loss 

observed up to the iteration 𝑛. To account only for improvements, we 

consider the positive term of 𝑓 (𝐱) − 𝑓 ∗
𝑛  expressed by [𝑎]+ ∶= max{𝑎, 0}.

The code iterates until one of the user-defined convergence criteria 

is met:

1. The maximum number of iterations (max_tested_vectors) is 

reached;

2. the maximum number of consecutive iterations without improve­

ment (max_no_improvement) is reached, or

3. the error falls below a prescribed tolerance.

As an alternative to the custom-developed BOAR algorithm described 

above, the Optuna (≥ v4.8) Gaussian-process (GP) optimization engine 

can also be used, although it currently supports only stopping criterion 
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(1). When the Optuna GP engine is selected, the additional depen­

dency torch must be installed. Benchmarks for both engines, utilizing the 

Ackley and Rosenbrock functions under constrained and unconstrained 

conditions, are available in the documentation.

2.1.3 . Conditional sampling

The functions_sampler.py module provides the sampling algo­

rithms implemented in the code. Three main sampling options were 

implemented using the Latin Hypercube [25], Sobol [26] and uniform 

random sampling strategies. These methods are employed both for gen­

erating the initial vectors during the initial GP surrogate model training, 

and for creating points at which the surrogate model will be evaluated.

All three sampling techniques were developed to generate sam­

ples based on user defined conditions at a given precision for a given 

range. This was built such that the user is capable of specifying hy­

draulic knowledge such as (i) the relationship between two hydraulic 

roughness regions (𝑘𝑠𝑡, 1 < 𝑘𝑠𝑡, 2), (ii) reducing the search range to 

feasible precision levels (𝑘𝑠𝑡 = round(𝑘𝑠𝑡, 2), for 2 decimal places) or 

(iii) specifying an expected range for each material associated with 

a hydraulic roughness region (𝑘𝑠𝑡 ∈ [𝑎, 𝑏]). Collectively, these condi­

tional and customizable constraints enable hydraulic modelers to reduce 

the optimization search space and, consequently, accelerate conver­

gence. Furthermore, the sampling routines support user-defined random 

seeds to ensure reproducibility of results, which is typically desirable in 

scientific environments.

2.1.4 . Loss function

The optimization loss function is customizable and user-defined. The 

user must provide a loss function that accepts two positional input dic­

tionaries: (1) simulation data, containing the mesh cell centroids and 

all hydrodynamic results, and (2) ground-truth data containing the ob­

served values at fixed XY coordinates. This design allows the use of any 

tabular format for the ground-truth data. Any resolved hydrodynamic 

variable (e.g., water depth, flow velocities, Reynolds stresses, etc.) can 

be used individually or combined to compose the loss value. Utility tools 

such as utils/find_closest_cell assist users in matching observed 

points to simulated cells.

The user-defined loss function must return a single floating-point 

value representing the global loss. Although not directly implemented, 

users may define variable-specific error thresholds within the loss func­

tion that, once satisfied, return a null loss value and terminate code 

execution. Users may also prioritize the convergence of specific variables 

by applying weighting factors during the composition of the global loss. 

Optionally, the function may return a second output containing a list 

of point-wise errors. These additional values do not affect the calibra­

tion process and are stored in CSV files solely for visualization purposes. 

Detailed instructions for implementing the loss function are provided 

in the “Loss function” section of the technical documentation and API 

reference.

2.1.5 . Hydrodynamic model interface

BOAR interfaces with the freeware tool BASEMENT v4.2 [22], 

in which the two-dimensional shallow-water equations are solved. 

Hydrodynamic models in BASEMENT are configured via JSON files 

that specify boundary and runtime conditions, as well as ancil­

lary files such as the mesh and discharge data. The coupling be­

tween BOAR and BASEMENT is performed by the helper mod­

ule basement_tools.py. This module defines a class that is im­

ported by friction_calibration.py and should not be executed 

directly. The main functionalities of basement_tools.py include im­

porting BASEMENT configuration files, executing simulations, and ex­

tracting results. All external executables (e.g., BMv4_simulation.exe
or BMv4_simulation) are invoked via Python’s subprocess library, 

which guarantees cross-platform compatibility between Unix-like 

and Windows operating systems—the two platforms supported by 

BASEMENT v4.2. The basement_tools.py module can be generalized, 

or work as a template for interfacing BOAR with other hydro- and 

morphodynamic models that use text-based configurations.

The module basement_tools.py can be extended to interface with 

other numerical solvers. The high-level routines, run_setup, run_simu­

lation, and run_result_processing, are deliberately generic and can be 

adapted to invoke the executables of any alternative solver. By contrast, 

the remaining internal functions are tightly coupled to the internal data 

structures of BASEMENT; therefore, a user who wishes to adopt a dif­

ferent solver must modify the basement_tools.SimulationManager class so 

that it provides an API compatible with the target software.

2.2 . Setup and run BOAR

The code relies on three main user-defined directories: (i) meshes/, 

(ii) ground_truth/, and (iii) support_files/. In these folders, the 

user must provide the mesh files (i), the ground-truth CSV files for 

comparison (ii), and the discharge TXT files along with a lookup

discharge_dictionary.csv containing the discharge name and its as­

sociated value in m3∕𝑠 (e.g., “Q_001”, 1.00) (iii). Note that the discharge 

name must match those used within the ground_truth/ directory and 

the user_defined_configs/ files.

BOAR enables the calibration of multiple roughness coefficient con­

figurations by defining specific target regions within the 2D-SW model 

(e.g., isolating a floodplain forest for calibration while maintaining the 

river and surrounding floodplain coefficients as constants). Additionally, 

the tool supports calibration across either a single discharge value or 

a range of discharge scenarios. These settings are managed through 

the user_defined_configs/user_options.yaml file and the corre­

sponding file naming convention within the ground_truth/ directory. 

Other critical parameters—including file paths, optimization settings 

(e.g., tolerance, engine, precision, and constraints), and custom loss 

functions—are defined in the files specified in Table 1. Detailed instruc­

tions for software execution are provided in the “Quickstart” section of 

the technical documentation.

Once BOAR is configured, it can be executed with:

python boar.py
or with the helper batch module (Windows exclusive):

.∖run_boar.bat
Calibration progress and detailed execution logs are recorded in

boar.log by default. Alternatively, a custom log file can be specified 

using the following command:

python boar.py --log-file [filename].

3 . Illustrative examples

To illustrate the application of BOAR, we describe the calibra­

tion process of twenty-five 2D hydrodynamic simulations using the 

shallow water unsteady Reynolds-averaged Navier-Stokes (SW-URANS) 

equations. The simulations were calibrated using laboratory experi­

ments as ground-truth data.

3.1 . Laboratory experiments

Ground truth data were measured in laboratory experiments con­

ducted in a compound-channel flume at the Federal Waterways 

Engineering and Research Institute (BAW). In a previous study [8], the 

hydrodynamics of four floodplain forest successional stages were exam­

ined under two flood-peak levels at a model scale of 1:30. In this paper we 

extend those experiments by adding additional flood-peak levels while 

retaining the same forest configurations, thereby increasing the range 

of submergence conditions and, consequently, the diversity of hydraulic 

roughness curves.

The vegetation was classified into adult and young trees to repre­

sent the different forest elements present in floodplain forests. Six forest 

scenarios were tested, four of which represent different successional for­

est ages (Bare, Early, Mid, and Late). In addition, two forest-maintenance 

cases were created by selectively removing vegetation from the Mid age, 

SoftwareX 35 (2026) 102899 

4 



L.E.D. de Oliveira, M.J. Franca, N.P. Huber et al.

Fig. 2. Numerical simulation domain and boundary conditions. (a) For All Bare and Forest scenarios, and (b) Artificial dim = 6 scenario applied to the Mid vegetation. 

Each colour represents a hydraulic roughness region. The domain was scaled to the prototype scale (1:1) using Froude similarity. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this article.)

Table 2 

Vegetation and flow characteristics of the experimental cases. Colors indicate the vertical veg­

etation configuration: mixed adult and young trees (green), only young trees (blue), and only 

adult trees (Orange).

resulting in configurations that retained only young trees (Mid-Only-

Young) or only adult trees (Mid-Only-Adult). The forest was positioned 

on the floodplain as a 3-m-wide patch spanning the entire floodplain 

width and extending 7 m in length (Fig. 2).

Five steady-flow conditions were tested. These discharges generated 

a range of submergence levels for the flexible vegetation, yielding either 

single-layer or double-layer vegetated flow structures and, consequently, 

different hydraulic roughness conditions. Table 2 summarizes the main 

flow and vegetation characteristics of all 25 tested experiments: dis­

charge 𝑄 [l/s], bulk velocity 𝑈 = 𝑄∕𝐴 (where 𝐴 [m2] is the flow area), 

Froude number 𝐹𝑟 = 𝑈∕
√

𝑔 𝐴∕𝐵 (with 𝐵 [m] the free-surface width), 

floodplain depth 𝐻𝑓𝑝 [m], main-channel depth 𝐻𝑚𝑐  [m], the relative 

depth 𝐻𝑟 = 𝐻𝑓𝑝∕𝐻𝑚𝑐  [-] [27], and vegetation coverage.

3.2 . Numerical model

The simulations were performed with the two-dimensional hydrody­

namic model BASEMENT v4.2 [2], which solves the shallow-water, un­

steady Reynolds-averaged Navier–Stokes equations (SW-URANS). Both 

the numerical domain (Fig. 2) and the experimental discharge and 

water-level data were scaled to prototype (1:1) size using Froude sim­

ilarity, thereby placing the model in the same flow characteristic range 

in which the Gauckler–Manning–Strickler equations were designed. The 
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Fig. 3. Calibration-convergence analysis based on the normalized RMSE∕𝐻𝑚𝑐 : (a) best loss value (%) versus trial number; (b) loss-value trajectories for the Bare and 

Early cases at the trials highlighted by arrows in panel (a). The dashed line in panel (a) denotes the median number of trials required to obtain the optimal loss, and 

the black markers in panel (b) indicate the Corresponding optimal solution. The shaded light gray area represents the initial training phase. All simulations were 

performed on a Froude-scaled model at a 1:1 prototype scale. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 

version of this article.)

computational domain was equipped with two boundary conditions: (a) 

Froude inlet applied over the main channel and the transition regions, 

in which the prescribed discharge and bulk Froude number for each 

flow scenario were imposed, and (b) a uniform outlet covering the en­

tire channel cross-section, in which a fixed longitudinal slope of 0.05% 

was prescribed. The simulations were run until the flow reached a steady 

state, at which point the numerical solution was deemed converged.

The hydraulic roughness was parametrized using the Strickler co­

efficient (𝑘𝑠𝑡), spatially distributed over three regions: (1) the main 

channel and transition zone, (2) the floodplain, and (3) the forested 

area (Fig. 2a). BOAR was applied to calibrate the hydraulic roughness 

coefficients against measured water depths in two steps: (i) the main 

channel and floodplain were calibrated for the Bare scenario, defining a 

two-dimensional search space (dim = 2) and (ii) the main channel, flood­

plain and forest were calibrated (dim = 3). In order to showcase BOAR’s 

performance, we also split the forest into four divisions and calibrated 

the Mid vegetation with dim = 6, here called Mid-6-regions (Fig. 2b). 

The Strickler coefficient was independently calibrated for each vegeta­

tion and discharge condition, thus 𝑘𝑠𝑡(𝑄, 𝑣𝑒𝑔). In the Bare scenario, the 

first discharge corresponded to bankfull conditions; consequently, the 

vector dimension was reduced to dim = 1, as no flow occurred in the 

floodplain.

The loss function, (𝑅𝑀𝑆𝐸(𝑘𝑠𝑡)), was defined as the average root-

mean-square error between the modeled and observed water-depth 

values at each measurement location:

RMSE(𝑘𝑠𝑡) =
1
𝐴

𝐴
∑

𝑗=1
RMSE𝑗 ,

RMSE𝑗 =

√

√

√

√
1
𝐵

𝐵
∑

𝑖=1

(

𝐻num −𝐻lab

)2, (8)

where 𝐻𝑛𝑢𝑚 [m] is the simulated water depth at coordinates (x, y), 𝐻𝑙𝑎𝑏
[m] is the corresponding measured water depth, 𝐴 is the number of 

files, 𝐵 is the number of data points in each laboratory measurement 

file. In each case 𝐴 = 3 files were recorded, each containing 𝐵 = 11
measurement points. Because every file contains the same number of 

observations, the overall loss can be computed as the simple arithmetic 

mean of the individual RMSE values; no additional pooling or weighting 

is required, and the resulting aggregate loss remains unbiased.

BOAR was set to an initial population of 𝑛𝑖𝑛𝑖𝑡𝑖𝑎𝑙 = 5 training vec­

tors, and a precision of 0.1 m1∕3s−1. The optimization process was 

allowed to run up to max_tested_vectors=100 (stop criterion 1, vide 

Section 2.1.2), with a max_no_improvement=100 (stop criterion 2) and 

a tolerance of 0.001 m (stop criterion 3). Effectively, this implies that 

only criteria 1 and 3 could possibly be enforced. The model was cali­

brated using the BOAR engine. The vector sampler seed was set to 9, 

to enable results reproducibility. The search domain was limited be­

tween 𝑘𝑠𝑡 ∈ [20, 60] for the main channel and floodplain regions and 

𝑘𝑠𝑡 ∈ [10, 35] for the forest regions. The hydraulic roughness vector was 

initialized with 𝑘𝑠𝑡 = 34.4 m1∕3s−1 in all regions.

For the vegetated cases we introduced two inequality constraints on 

the Strickler coefficients: (i) 𝑘𝑠𝑡,𝑓𝑜𝑟𝑒𝑠𝑡 < 𝑘𝑠𝑡,𝑚𝑎𝑖𝑛 𝑐ℎ𝑎𝑛𝑛𝑒𝑙 and (ii) 𝑘𝑠𝑡,𝑓𝑜𝑟𝑒𝑠𝑡 <
𝑘𝑠𝑡,𝑓 𝑙𝑜𝑜𝑑𝑝𝑙𝑎𝑖𝑛. Together, these constraints guarantee that the forest region 

is always rougher (i.e., has a lower Strickler coefficient) than the other 

hydraulic-roughness zones in the domain.

Fig. 3 shows the optimization convergence for all calibrated 

scenarios. The simulations agreed very well with the laboratory 

data, with 0.3% < RMSE(𝑘𝑠𝑡)∕𝐻𝑚𝑐 < 1.5% across the full set of 

cases. All runs terminated when stopping criterion 1 was satisfied 

(max_tested_vectors=100). The median convergence was typically 

reached within 71 iterations, corresponding to a total (5 training evalua­

tions + optimization) of 76 hydrodynamic-model evaluations. Based on 

the global distribution of loss values versus trial numbers, we selected 

four representative calibration trajectories to illustrate: (1) the highest 

observed error, which is close to the median; (2) the slowest conver­

gence for a vegetated scenario with vector dimension (dim = 6); (3) the 

slowest convergence; and (4) the fastest convergence for the Bare sce­

nario with (dim = 2) (Fig. 3(b)). These trajectories show how the code 

explores the search space avoiding becoming trapped in local minima, 

as observed for the Bare case under bankfull conditions (Fig. 3(b)).

As an additional showcase, the calibration scenarios were reanalyzed 

using a modified tolerance of 0.015𝐻mc, corresponding to a normalized 

threshold of RMSE∕𝐻mc < 1.5% (stop criterion 3). Fig. 4 shows the num­

ber of trials required to reach this loss threshold. Under this setting, 

BOAR converged after a median of four optimization iterations, corre­

sponding to a total of nine hydrodynamic-model evaluations, including 

the five initial training evaluations. The observed loss (RMSE(𝑘𝑠𝑡)∕𝐻𝑚𝑐) 

ranged between 0.4 and 1.5%.

Overall, convergence speed was linked to the smoothness of the loss 

function: when gradients between parameter vectors were smaller, the 

optimization engine required more trials to explore the search space, 

thereby slowing convergence.
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Fig. 4. Calibration-convergence analysis based on the normalized RMSE∕𝐻𝑚𝑐
(Loss) versus trial number, with an error threshold of Loss∕𝐻𝑚𝑐 ≤ 1.5%. The 

shaded light gray area represents the initial training phase. All simulations were 

performed on a Froude-scaled model at a 1:1 prototype scale.

4 . Conclusions and impact

In this study, we present BOAR, a lightweight, open-source Python 3 

framework designed to streamline the calibration of hydraulic roughness 

in two-dimensional depth-averaged hydrodynamic simulations. BOAR

significantly reduces the temporal and computational costs of parameter 

optimization by pairing a Bayesian optimization engine with a flexi­

ble interface for managing ground-truth data, simulation configurations 

(JSON and HDF5), and user settings (YAML).

The impact of this tool extends beyond simple automation; by es­

tablishing a unified and standardized procedure for calibration, BOAR

enables fully reproducible results in both academic research and practi­

cal engineering contexts. For instance, BOAR greatly facilitates mesh-

independence analyses, which require the recalibration of the same 

model across varying mesh configurations, since hydraulic roughness 

is sensitive to domain discretization. Such sensitivity directly affects 

critical outputs, including flood-peak magnitude and propagation [1,9], 

which subsequently influence the reliability of flood hazard estimations 

and early-warning systems.

Although the current version of BOAR does not implement a full 

Bayesian inference framework, its modular architecture provides a foun­

dation for extending the calibration workflow to additional river-process 

parameters and model outputs, such as sediment rating curves, water 

temperature, or habitat metrics. With a design focused on maintainabil­

ity and extensibility, BOAR promotes open science and encourages the 

community to extend its functionality to other simulation codes. Future 

development should also focus on incorporating support for unsteady-

flow ground-truth data, further broadening the tool’s applicability.
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