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Professional Certificate in Water Resource Modeling

Model Calibration and Uncertainty Analysis

Accuracy – The degree to which model predictions match observed real‑world values. Related terms:
precision, bias, error. Accuracy is quantified by statistical measures such as root‑mean‑square error (RMSE)
or mean absolute error (MAE). For example, a rainfall‑runoff model that predicts 120 mm of runoff when the
measured value is 118 mm demonstrates high accuracy. In practice, accuracy guides model selection and
informs stakeholders about the reliability of forecasts. Challenges include limited data availability,
measurement errors, and the influence of non‑stationary climate patterns that can degrade accuracy over
time.

Bias – A systematic deviation of model output from observed data, indicating that predictions are
consistently too high or too low. Related terms: accuracy, error, offset. Bias is often expressed as the mean
difference between simulated and measured values. A groundwater flow model that consistently
overestimates water table depths by 0.5 m exhibits a positive bias. Identifying bias helps calibrators adjust
parameters or improve model structure. The main difficulty lies in distinguishing bias from random error,
especially when data series are short or contain outliers.

Calibration – The process of adjusting model parameters until simulated outputs align with observed data
within acceptable limits. Related terms: parameter estimation, inverse modeling, model fitting. Calibration
may be manual, using expert judgment, or automated, employing algorithms such as the
Levenberg‑Marquardt method or genetic algorithms. A typical calibration workflow for a distributed
hydrological model involves selecting target variables (e.g., streamflow), defining objective functions (e.g.,
Nash‑Sutcliffe efficiency), and iteratively updating hydraulic conductivity, storage coefficients, and
evapotranspiration parameters. Calibration challenges include equifinality (multiple parameter sets yielding
similar performance), computational cost for large models, and the risk of over‑fitting to a limited
calibration period.

Confidence Interval – A statistical range that, with a specified probability (commonly 95 %), is expected to
contain the true value of a model output or parameter. Related terms: uncertainty bounds, statistical
inference, probability distribution. Confidence intervals are derived from the variance of residuals or from
Monte Carlo simulations. For instance, a 95 % confidence interval for annual water yield might be 85–
115 million m³, indicating that the true yield is likely within this span. Practitioners use confidence intervals
to communicate risk to decision‑makers. The main obstacle is that intervals can be overly narrow if model
assumptions (e.g., normality) are violated, leading to under‑estimation of uncertainty.

Deterministic Model – A model that produces a single set of outputs for a given set of inputs, without
explicitly representing randomness. Related terms: stochastic model, scenario analysis, parameter
uncertainty. Deterministic models are common in engineering design, such as a reservoir operation model
that calculates releases based on fixed inflow forecasts. While easier to interpret, deterministic models may
hide the influence of uncertain inputs, potentially giving a false sense of precision. Incorporating uncertainty
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analysis or converting deterministic outputs into probabilistic forecasts can mitigate this limitation.

Ensemble Modeling – The practice of running multiple model simulations with varied parameters,
structures, or input datasets to capture a range of possible outcomes. Related terms: Monte Carlo
simulation, multi‑model ensemble, probabilistic forecasting. An ensemble of 100 simulations of a floodplain
model might use different rainfall intensities, soil moisture initial conditions, and hydraulic conductivity
values, producing a spectrum of flood extents. Ensemble results are summarized through probability maps,
mean predictions, and percentile bands. Challenges include the need for high‑performance computing,
ensuring the ensemble adequately samples the parameter space, and communicating ensemble uncertainty
to non‑technical audiences.

Error – The difference between simulated and observed values, encompassing both systematic (bias) and
random components. Related terms: residual, deviation, uncertainty. Errors are quantified using metrics such
as RMSE, NMSE (normalized RMSE), or percent bias. In a streamflow model, an error of +10 % indicates that
simulated flows are on average 10 % higher than measurements. Understanding error patterns helps
identify model deficiencies. However, errors can be masked by data noise, and distinguishing model error
from measurement error remains a persistent difficulty.

Forward Uncertainty Propagation – The technique of transmitting input uncertainties through a model to
quantify output uncertainty. Related terms: Monte Carlo simulation, sensitivity analysis, error propagation.
This approach involves sampling input distributions (e.g., precipitation, soil parameters) and running the
model repeatedly to generate a distribution of outputs. A forward propagation for a dam safety model
might reveal a 5 % chance of overtopping under extreme rainfall scenarios. The method is straightforward
but can be computationally intensive for complex models, and the quality of results depends heavily on the
chosen input distributions.

Gaussian Process – A statistical method that defines a distribution over functions, often used for surrogate
modeling or emulation of expensive hydrological simulations. Related terms: kriging, surrogate model,
Bayesian calibration. A Gaussian process can predict model outputs at untried parameter combinations,
providing mean predictions and variance estimates. For example, a GP emulator of a rainfall‑runoff model
can rapidly estimate runoff for new rainfall patterns, facilitating uncertainty analysis. The main challenges
are selecting appropriate covariance functions, handling large training datasets, and ensuring the emulator
captures non‑linear model behavior.

Hydrologic Model – Any mathematical representation of the movement, distribution, and quality of water
within the hydrologic cycle. Related terms: watershed model, rainfall‑runoff model, groundwater model.
Models range from lumped conceptual designs (e.g., the Sacramento model) to fully distributed physically
based models (e.g., SWAT, MODFLOW). They are employed for flood forecasting, water allocation, and
climate impact studies. Calibration and uncertainty analysis are essential to ensure that model predictions
are trustworthy. Difficulties include data scarcity, scale mismatches, and the need to balance model
complexity with computational feasibility.

Inverse Modeling – The process of estimating model parameters by minimizing the discrepancy between
observed and simulated data, essentially solving the model “backwards.” Related terms: calibration,
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parameter estimation, Bayesian inference. Inverse methods can be deterministic (e.g., gradient‑based
optimization) or probabilistic (e.g., Markov Chain Monte Carlo). A classic inverse problem is estimating
hydraulic conductivity fields from observed hydraulic heads. Inverse modeling provides parameter
uncertainty quantification but suffers from non‑uniqueness, where different parameter sets produce similar
fits, and from high computational demands for large parameter spaces.

Likelihood Function – A mathematical expression that quantifies the probability of observing the data given
a specific set of model parameters. Related terms: Bayesian inference, maximum likelihood estimation,
posterior distribution. In calibration, the likelihood is combined with prior information to form the posterior
distribution, which describes parameter uncertainty. For a simple linear model, the likelihood may assume
normally distributed residuals. Computing likelihoods for complex, non‑linear models can be challenging,
often requiring approximations such as the Laplace method or surrogate models.

Monte Carlo Simulation – A computational technique that uses random sampling to explore the behavior of
a model under uncertain inputs. Related terms: forward uncertainty propagation, stochastic simulation,
ensemble modeling. By drawing thousands of input sets from defined probability distributions and running
the model each time, analysts obtain output distributions, confidence intervals, and risk metrics. For a
reservoir operation model, Monte Carlo simulation can estimate the probability of water shortage under
varying inflow scenarios. The primary limitations are the need for many model runs, which can be
prohibitive for high‑resolution or coupled models, and the reliance on accurate input distributions.

Parameter Sensitivity – The degree to which changes in a model parameter affect model outputs. Related
terms: sensitivity analysis, Sobol’ indices, derivative‑based methods. Sensitivity can be local (one‑at‑a‑time)
or global (considering simultaneous variations). In a groundwater model, hydraulic conductivity may have a
high sensitivity for drawdown predictions, while specific yield may be less influential. Sensitivity analysis
guides calibration by highlighting which parameters merit careful adjustment and which can be fixed.
Difficulties arise from non‑linear interactions among parameters and from the computational cost of global
methods.

Posterior Distribution – The probability distribution of model parameters after incorporating observed data,
combining prior knowledge with the likelihood function. Related terms: Bayesian calibration, uncertainty
quantification, Markov Chain Monte Carlo. The posterior captures both the most likely parameter values
and their associated uncertainties. For example, after calibrating a rainfall‑runoff model, the posterior for
the infiltration parameter might be a narrow Gaussian centered at 0.35 mm h⁻¹, indicating strong data
constraint. Sampling the posterior enables prediction intervals for model outputs. Challenges include
convergence diagnostics, high‑dimensional parameter spaces, and the need for efficient sampling
algorithms.

Quantitative Uncertainty – A numerical expression of the lack of certainty in model predictions, often
represented by probability distributions, confidence intervals, or variance measures. Related terms:
uncertainty analysis, risk assessment, stochastic modeling. Quantitative uncertainty allows decision‑makers
to weigh trade‑offs, such as choosing a flood mitigation strategy that reduces risk by 30 % at a known cost.
Deriving quantitative uncertainty typically involves Monte Carlo simulation, Bayesian inference, or analytical
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error propagation. The main hurdle is ensuring that all relevant sources of uncertainty (input, parameter,
structural) are captured and that the resulting numbers are communicated effectively.

Residual – The difference between observed and simulated values for a particular data point, often used as
the basis for objective functions in calibration. Related terms: error, deviation, model fit. Residuals can be
plotted to assess model performance; systematic patterns suggest model bias or missing processes. In a
streamflow calibration, a residual time series may reveal that the model underestimates peak flows during
storm events. Residual analysis helps diagnose model deficiencies but can be misleading if measurement
errors dominate the signal.

Scenario Analysis – The exploration of model outcomes under alternative sets of assumptions or future
conditions, such as climate change pathways, land‑use changes, or water‑allocation policies. Related terms:
what‑if analysis, scenario planning, sensitivity analysis. Scenario analysis is commonly used in water
resources planning to evaluate the robustness of infrastructure designs. For example, a dam operation plan
may be tested under three climate scenarios (RCP 4.5, 6.0, 8.5) to assess reservoir reliability. The main
difficulty is selecting plausible scenarios and communicating the range of possible futures without
overwhelming stakeholders.

Sensitivity Analysis – A systematic investigation of how variation in model inputs influences outputs, helping
to identify critical parameters and potential sources of uncertainty. Related terms: parameter sensitivity,
global sensitivity, variance‑based methods. Techniques range from simple one‑at‑a‑time perturbations to
advanced variance‑based methods like Sobol’ indices. In a distributed hydrological model, sensitivity
analysis might reveal that soil moisture capacity drives annual runoff variability more than precipitation
intensity. Sensitivity analysis guides data collection priorities and informs model simplification. However, it
can be computationally expensive for high‑dimensional models and may produce misleading results if input
ranges are unrealistically narrow.

Statistical Inference – The process of drawing conclusions about model parameters or predictions based on
observed data and probability theory. Related terms: Bayesian inference, hypothesis testing, confidence
interval. In water‑resource modeling, statistical inference is used to estimate parameters, test model
adequacy, and quantify prediction uncertainty. For instance, a hypothesis test may assess whether a
calibrated model’s Nash‑Sutcliffe efficiency significantly exceeds a threshold of 0.7. The key challenges are
selecting appropriate statistical models, handling autocorrelation in time series, and avoiding over‑reliance
on p‑values without considering practical significance.

Tracer Test – An experimental method where a known substance (tracer) is introduced into a hydrologic
system to track flow paths, velocities, and dispersion characteristics. Related terms: parameter estimation,
groundwater calibration, transport modeling. Tracer data provide direct constraints on hydraulic
conductivity and storage parameters in aquifer models. For example, a dye tracer released at a well may be
detected downstream after 12 hours, informing the calibration of the velocity field. Tracer tests enhance
model realism but are costly, may be logistically difficult, and require careful interpretation to separate
tracer mixing from measurement noise.

Uncertainty Budget – A structured accounting of all identified sources of uncertainty in a modeling study,
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often expressed as percentages or variance contributions. Related terms: error budget, variance
decomposition, sensitivity analysis. An uncertainty budget for a river‑flow forecast might allocate 40 % of
total variance to precipitation forecast error, 30 % to model structural uncertainty, and 30 % to parameter
uncertainty. Developing an uncertainty budget helps prioritize efforts to reduce overall uncertainty. The
main obstacle is quantifying structural uncertainty, which is less observable than input or parameter
uncertainty.

Validation – The independent assessment of model performance using data not employed during
calibration, to evaluate the model’s predictive capability. Related terms: cross‑validation, model testing,
external verification. Validation may involve comparing simulated streamflows for a different hydrologic year
against observed records. Successful validation builds confidence that the model can be applied to new
conditions. Common validation metrics include the Kling‑Gupta Efficiency (KGE) and the coefficient of
determination (R²). Challenges include limited availability of independent data, temporal non‑stationarity,
and the risk of “double‑dipping” when data are inadvertently reused.

Water Balance – An accounting framework that ensures the sum of inflows, outflows, and changes in
storage equals zero for a defined system over a specified period. Related terms: mass balance, continuity
equation, hydrologic accounting. In a basin‑scale model, the water balance equation may be expressed as
precipitation + lateral inflow = evapotranspiration + runoff + Δstorage. Ensuring a closed water balance is
essential for model credibility and for diagnosing errors such as unrealistic groundwater recharge. Practical
challenges include quantifying all fluxes accurately, especially diffuse components like deep percolation, and
reconciling spatially aggregated data with point measurements.

Yield Curve – In water‑resource planning, a graphical representation that relates the probability of meeting
a specified water demand (yield) to the reliability level. Related terms: reliability curve, risk curve,
demand‑supply analysis. A yield curve for a municipal supply system may show that a 90 % reliability yields
80 % of the design demand, while 95 % reliability yields only 70 %. Yield curves are derived from simulation
ensembles that incorporate stochastic inflow series and operational rules. They assist decision‑makers in
selecting infrastructure sizes that balance cost and risk. The difficulty lies in generating sufficient ensemble
runs to capture rare low‑flow events and in communicating probabilistic outcomes to non‑technical
stakeholders.

Zero‑Inflated Model – A statistical model that accounts for an excess of zero observations, common in
hydrologic datasets such as daily precipitation where many days have no rain. Related terms:
Poisson‑zero‑inflated, hurdle model, count data modeling. Zero‑inflated models combine a binary
component (rain/no rain) with a continuous or count component (rain amount). They improve calibration of
stochastic rainfall generators, leading to more realistic flood simulations. Implementing zero‑inflated
models requires careful selection of distribution families and may increase computational complexity in
Bayesian calibration frameworks.

Adaptive Calibration – An iterative calibration strategy that updates parameter values as new observations
become available, often using techniques like the Kalman filter or ensemble smoother. Related terms:
sequential data assimilation, real‑time updating, dynamic calibration. In flood forecasting, adaptive
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calibration can refine model parameters hourly as gauge data stream in, improving forecast skill. The
approach reduces the need for a static calibration period and can accommodate changing system
conditions. However, it demands robust data streams, fast optimization algorithms, and safeguards against
drift caused by noisy observations.

Bayesian Calibration – A probabilistic calibration method that treats model parameters as random variables
and updates their probability distributions using Bayes’ theorem. Related terms: posterior distribution, prior,
Markov Chain Monte Carlo. Bayesian calibration yields a full parameter uncertainty description, enabling
propagation of this uncertainty to predictions. For a watershed model, priors may be based on literature
values, while the likelihood incorporates observed streamflow. The posterior is sampled using algorithms
such as Metropolis‑Hastings or Hamiltonian Monte Carlo. The principal challenges are high computational
cost for complex models and the need for informative priors to avoid identifiability issues.

Channel Routing – The process of simulating the movement of water through river channels, often using
kinematic or dynamic wave equations. Related terms: hydraulic routing, Muskingum method, flow
propagation. Accurate channel routing is essential for flood peak timing and magnitude predictions. For
example, applying the Muskingum method to a 50‑km reach can shift the simulated hydrograph peak by
several hours compared to observed data. Calibration of routing parameters (e.g., storage coefficient)
reduces timing errors. Challenges include representing backwater effects, handling variable channel
geometry, and integrating routing with distributed rainfall‑runoff models.

Data Assimilation – The systematic incorporation of observational data into a model to improve its state
estimation and forecast accuracy. Related terms: Kalman filter, ensemble smoother, adaptive calibration. In
water resources, data assimilation may involve updating soil moisture fields using remote‑sensed
observations. The ensemble Kalman filter combines model forecasts with observations, weighting each by
their error covariance. Data assimilation enhances model realism but requires accurate error
characterizations for both model and observations, and can be destabilized by inconsistent data streams.

Design Storm – A synthetic rainfall event of a specified return period used for infrastructure design, such as
storm‑water drainage or dam spillway sizing. Related terms: intensity‑duration‑frequency curve, synthetic
storm, rainfall design. Design storms are generated from statistical analyses of historical rainfall records,
often employing the Gumbel distribution. Using a 100‑year design storm, engineers can compute peak
discharge and design appropriate channel capacities. The limitation is that design storms may not capture
future climate variability, leading to under‑design or over‑design if climate trends shift.

Effective Sample Size – The number of independent observations that a correlated data set is equivalent to,
used in statistical inference to adjust degrees of freedom. Related terms: autocorrelation, lag‑1 coefficient,
time series analysis. In hydrologic calibration, daily streamflow series often exhibit strong autocorrelation,
reducing the effective sample size. Ignoring this can inflate confidence in parameter estimates. Calculating
effective sample size involves estimating the lag‑1 autocorrelation and applying the formula
N_eff = N · (1 − ρ)/(1 + ρ). The challenge lies in accurately estimating autocorrelation for non‑stationary series.

Fisher Information Matrix – A mathematical construct that quantifies the amount of information that
observable data carry about unknown model parameters. Related terms: parameter uncertainty, Cramér‑Rao
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bound, sensitivity matrix. The inverse of the Fisher matrix provides a lower bound on parameter variance,
informing the precision achievable from a given dataset. In a groundwater model, a well‑distributed set of
observation wells can increase the Fisher information, reducing parameter uncertainty. Computing the
Fisher matrix requires evaluation of model sensitivities, which may be costly for large, non‑linear models.

Generalized Likelihood Uncertainty Estimation (GLUE) – A Monte Carlo based approach that evaluates model
performance across many parameter sets and retains only those that meet a predefined goodness‑of‑fit
threshold. Related terms: behavioral parameter sets, likelihood weighting, uncertainty quantification. GLUE
produces predictive uncertainty envelopes by aggregating accepted simulations. For a river‑flow model,
GLUE may retain 1 % of 10 000 sampled parameter sets, generating a 95 % confidence band. Critics argue
that GLUE’s arbitrary threshold and lack of formal probability weighting can misrepresent true uncertainty.
Nevertheless, GLUE remains popular in practice due to its conceptual simplicity and low computational
demand relative to full Bayesian methods.

Hydraulic Conductivity – A property of porous media that describes the ease with which water can move
through it, typically expressed in meters per second (m s⁻¹). Related terms: permeability, transmissivity,
Darcy’s law. Hydraulic conductivity is a key parameter in groundwater flow models and strongly influences
simulated hydraulic heads. Calibration often focuses on adjusting spatially distributed conductivity fields to
match observed drawdown. Challenges include heterogeneity at scales smaller than the model grid,
measurement uncertainty in field tests, and the non‑uniqueness of conductivity distributions that produce
similar hydraulic responses.

Interpolation Uncertainty – The uncertainty associated with estimating values at unsampled locations using
spatial interpolation methods such as kriging or inverse distance weighting. Related terms: spatial variability,
variogram, surrogate modeling. Interpolation uncertainty contributes to overall model uncertainty when
input fields (e.g., precipitation) are derived from sparse gauge networks. Kriging provides both an estimated
value and a kriging variance, which can be propagated through the model. Accurately quantifying
interpolation uncertainty requires appropriate variogram models and sufficient data density; sparse
networks can lead to large variances and unreliable predictions.

Joint Probability Distribution – A mathematical description of the likelihood of multiple random variables
occurring simultaneously, capturing dependencies among them. Related terms: multivariate distribution,
copula, correlation structure. In water‑resource modeling, joint distributions are used to model correlated
inputs such as precipitation and temperature. Copulas allow the construction of joint distributions with
specified marginal distributions while preserving observed dependence. Incorporating joint probabilities
improves the realism of Monte Carlo simulations, especially for extreme event analysis. The difficulty lies in
selecting appropriate copula families and estimating parameters from limited data.

Kling‑Gupta Efficiency (KGE) – A performance metric that combines correlation, bias, and variability
components to assess model simulation quality. Related terms: model efficiency, Nash‑Sutcliffe efficiency,
goodness‑of‑fit. KGE is calculated as 1 − √[(r − 1)² + (α − 1)² + (β − 1)²], where r is the correlation coefficient, α
the variability ratio, and β the bias ratio. A KGE close to 1 indicates excellent model performance. Unlike
NSE, KGE penalizes systematic bias and variability mismatches more explicitly. Interpreting KGE requires
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understanding each component, and the metric can be sensitive to outliers in the dataset.

Latent Heat Flux – The energy transferred during phase changes of water (e.g., evaporation, condensation)
that does not change temperature but influences the water cycle. Related terms: evapotranspiration, energy
balance, heat flux. Accurate estimation of latent heat flux is crucial for surface water and energy balance
models. It is often derived from remote‑sensing products or calculated using the Penman‑Monteith
equation. Errors in latent heat flux propagate to simulated soil moisture and runoff, affecting calibration
outcomes. Measuring latent heat flux directly is challenging, leading to reliance on empirical relationships
that introduce additional uncertainty.

Monte Carlo Markov Chain (MCMC) – An algorithmic framework that generates a sequence of parameter
sets whose distribution approximates the posterior distribution in Bayesian calibration. Related terms:
Metropolis‑Hastings, Gibbs sampling, Bayesian inference. MCMC enables exploration of high‑dimensional
parameter spaces by proposing new parameter values, accepting or rejecting them based on the posterior
probability ratio. Convergence diagnostics such as the Gelman‑Rubin statistic assess whether the chain has
adequately sampled the posterior. MCMC is computationally intensive for complex hydrologic models,
prompting the use of surrogate models or adaptive sampling techniques to accelerate convergence.

Non‑Stationarity – The property of a time series where statistical characteristics (mean, variance,
autocorrelation) change over time, often due to climate change or land‑use alterations. Related terms: trend
analysis, time‑varying parameters, climate variability. Non‑stationarity violates assumptions of many
calibration and validation methods, leading to degraded model performance when applied to future
conditions. Detecting non‑stationarity may involve Mann‑Kendall trend tests or wavelet analysis. Addressing
non‑stationarity can require time‑varying parameterizations, inclusion of climate drivers, or recalibration on
moving windows. The challenge is balancing model complexity against data availability to capture evolving
system dynamics.

Objective Function – A mathematical expression that quantifies the mismatch between model outputs and
observations, guiding the optimization during calibration. Related terms: cost function, performance metric,
fitness measure. Common objective functions include the sum of squared errors, Nash‑Sutcliffe efficiency,
and weighted combinations of multiple criteria. The choice of objective function influences the calibrated
parameter set; for instance, minimizing RMSE emphasizes peak flow accuracy, while maximizing NSE
emphasizes overall fit. Multi‑objective calibration may employ Pareto fronts to balance competing goals.
Selecting appropriate weights and ensuring the objective function reflects stakeholder priorities can be
difficult.

Parameter Identifiability – The ability to uniquely estimate model parameters from available data, given the
model structure and observational uncertainties. Related terms: equifinality, sensitivity analysis, inverse
modeling. Poor identifiability occurs when multiple parameter combinations produce similar model outputs,
leading to ambiguous calibration results. Techniques such as singular value decomposition or Bayesian
posterior variance analysis assess identifiability. Improving identifiability may involve adding independent
observations (e.g., tracer tests) or simplifying the model. The key challenge is recognizing when a model is
over‑parameterized relative to the information content of the data.
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Quantile‑Quantile Plot (Q‑Q Plot) – A graphical tool that compares the quantiles of model residuals to those
of a theoretical distribution, typically the normal distribution, to assess distributional assumptions. Related
terms: residual analysis, goodness‑of‑fit, statistical diagnostics. A straight line in a Q‑Q plot indicates that
residuals follow the assumed distribution, supporting the use of certain objective functions. Deviations from
linearity suggest skewness, heavy tails, or heteroscedasticity, prompting transformation or alternative error
models. Interpreting Q‑Q plots requires statistical expertise, and small sample sizes can produce misleading
patterns.

Recursive Calibration – An approach where model parameters are updated sequentially as new data
become available, often using sliding windows or online optimization algorithms. Related terms: adaptive
calibration, data assimilation, real‑time updating. Recursive calibration is valuable for operational
forecasting, where model performance must be maintained over long periods. For example, a flood
forecasting system may recalibrate infiltration parameters weekly based on recent gauge data. The method
reduces the need for a large static calibration dataset but can be sensitive to noise and may drift if the
updating algorithm lacks regularization.

Scenario Uncertainty – The component of total model uncertainty that arises from unknown future
conditions, such as climate trajectories, policy decisions, or land‑use changes. Related terms: scenario
analysis, stochastic forecasting, risk assessment. Scenario uncertainty is addressed by constructing multiple
plausible futures and evaluating model responses under each. In a water‑resource allocation study, scenario
uncertainty might be represented by three climate pathways combined with two land‑use plans, producing
six distinct simulations. Communicating scenario uncertainty to stakeholders requires clear visualizations
and explanations of probabilistic outcomes. The main difficulty is selecting a representative yet tractable set
of scenarios without oversimplifying complex future dynamics.

Stochastic Weather Generator – A tool that produces synthetic sequences of meteorological variables (e.g.,
precipitation, temperature) that preserve statistical properties of observed climate data. Related terms:
Monte Carlo simulation, time series modeling, climate downscaling. Weather generators are used to feed
hydrologic models with long series for uncertainty analysis. For instance, a Markov‑chain precipitation
generator can simulate 100 years of daily rainfall, providing a basis for flood frequency analysis. Calibration
of the generator’s parameters (e.g., transition probabilities, intensity distributions) is essential to reproduce
observed extremes. Limitations include difficulty capturing climate change signals and potential bias in
simulated extreme events.

Temporal Resolution – The time step at which model inputs and outputs are discretized, influencing model
dynamics and computational load. Related terms: time step, sampling interval, data aggregation. High
temporal resolution (e.g., hourly) captures rapid processes like flash floods but increases computational cost
and data requirements. Coarser resolution (e.g., daily) may smooth peak flows, affecting calibration of flood
models. Selecting appropriate temporal resolution involves balancing the need for detail against data
availability and processing resources. Inadequate resolution can lead to numerical instability or
misrepresentation of critical hydrologic processes.

Uncertainty Propagation – The process of transmitting input and parameter uncertainties through a model

Read online: https://certificates.lsba.org.uk/glossaries/4018308/model-
calibration-and-uncertainty-analysis

London School of Business and Administration · 20 Jun 2026



G LO S S A RY

to quantify resultant output uncertainty. Related terms: forward uncertainty propagation, Monte Carlo
simulation, analytical error propagation. Propagation can be performed analytically for linear models using
variance formulas, or numerically via Monte Carlo sampling for non‑linear models. For a reservoir release
model, uncertainty propagation may reveal a 10 % probability of water shortage under drought conditions.
The main challenges are computational expense for large ensembles and ensuring that all sources of
uncertainty (e.g., structural, parametric, input) are included.

Variance Decomposition – A technique that partitions the total output variance into contributions from
individual inputs or groups of inputs, often using Sobol’ indices. Related terms: sensitivity analysis, global
sensitivity, uncertainty attribution. Variance decomposition helps identify which parameters dominate model
uncertainty, guiding data collection and model refinement. For a catchment model, Sobol’ analysis might
show that precipitation intensity accounts for 60 % of runoff variance, while soil moisture storage
contributes 20 %. Computing Sobol’ indices requires numerous model evaluations, which can be mitigated
by using surrogate models. Accurate decomposition depends on proper sampling of the input space and
assumptions of input independence.

Water‑Use Allocation Model – A decision‑support tool that distributes available water among competing
users (agriculture, industry, domestic) based on policy rules, demand forecasts, and system constraints.
Related terms: optimization, resource planning, allocation algorithm. Calibration of allocation models may
involve adjusting user demand coefficients or priority weights to match historical allocation records.
Uncertainty analysis assesses how variations in inflow forecasts or demand growth affect allocation
outcomes, informing risk‑adjusted policy. The model’s complexity can lead to high dimensionality, making
calibration and uncertainty quantification computationally demanding. Ensuring stakeholder acceptance of
calibrated parameters is also a notable challenge.

Read online: https://certificates.lsba.org.uk/glossaries/4018308/model-
calibration-and-uncertainty-analysis

London School of Business and Administration · 20 Jun 2026


