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Rezumat. Acest articol prezinta dezvoltarea si implementarea unui cadru computational bazat pe Python, construit pe tehnica
cvasi-dinamica de asimilare a datelor de tipul ansamblu-variational 4D (4DEnVar), pentru monitorizarea poluarii aerului in
Chisindau in cadrul platformei eALERT. Modelul computational propus poate integra, de asemenea, observatii de mediu
provenite din mai multe locatii, utilizand un model simplificat de tipul advectie-difuzie, ale carui parametri sunt estimati
empiric pe baza variabilitatii temporale derivate din observatii. Un ansamblu de stari initiale perturbate este utilizat pentru
a reprezenta incertitudinea dependenta de flux si pentru a propaga dinamica modelului la fiecare ciclu de asimilare. Prin
aceastda abordare hibrida ansamblu-variationald, sistemul genereaza analize ale concentratiilor poluantilor atmosferici si
prognoze pentru o zi cu o acuratete ridicata. Rezultatele validarii indica reducerea erorii medii patratice §i un scor pozitiv al
performantei pentru indicatorii monitorizati, confirmdnd o precizie ameliorata si o eficienta computationald sustinutd pentru
aplicatiile de mediu.
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INTRODUCTION

Medium-range numerical environmental pollution prediction aims to forecast pollution levels over
1-10 days from the current state by solving the initial value problem of a set of partial differential
equations (PDEs). Data assimilation (DA) is a key technique used to enhance forecast accuracy by
optimally estimating the current state of the environment through the integration of observational data
and model forecasts. In this study, a four-dimensional ensemble variational, that is, 4DEnVar, DA method
was developed, using air pollution data from the eALERT monitoring platform [1, 2].

Compared to the standard four-dimensional variational, that is, 4DVar, approach, which is widely
regarded as one of the most advanced DA techniques, the method employed in this research offers three
notable advantages: dynamically estimates the background error covariance (BEC) throughout the
assimilation cycle, unlike 4DVar, which typically uses a pre-estimated, static BEC; employs a fully
anisotropic ensemble covariance, improving the representation of spatial error structures, and avoids the
need for adjoint models, making it more suitable for handling nonlinear problems efficiently.

4DVar assimilation is a technique that uses a perfect forecast model to find the best-fitting model
trajectory within a time window, while 4DEnVar is a hybrid method that combines the strengths of 4D Var
and ensemble methods to overcome limitations. Variational calculus is the broader mathematical field
that underpins both 4DVar and 4DEnVar, which are specific applications that minimize the objective
function to fit observations with a model. In essence, 4DEnVar is a type of variational calculus
application, but it adds an ensemble component to improve the traditional 4D Var by not relying as heavily
on a model fitting or the use of adjoint computational models.
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METHODOLOGY

The workflow for implementing the 4DEnVar algorithm for air pollution prediction begins with
the preparation of an ensemble of this model possible states that represent uncertainty in the system,
including variations in initial pollutant concentrations [3]. The ensemble mean and perturbations from
that mean are then computed to characterize the background error statistics. Each ensemble member is
subsequently propagated forward in time using the selected atmospheric chemistry and diffusion models
across the defined assimilation window, with model outputs stored at the observation times and locations
used for assimilation. At each observation time, ensemble mean and perturbations are recalculated, and
model data are mapped to observation space to simulate the values that would be observed by each
ensemble member. Observational data from sensors are compiled and assigned realistic error estimates
that reflect both measurement uncertainty and representativeness error [4]. To suppress false long-range
correlations, localization is applied to restrict the spatial influence of ensemble perturbations on
observations, and hybrid blending with static climatological background-error covariances may be
employed to improve stability in regions with scattered observational coverage. The analysis update is
formulated in a reduced control space as a linear combination of ensemble perturbations at the initial
time, and the corresponding objective function is minimized iteratively using efficient optimization
algorithms such as the conjugate-gradient or limited-memory Broyden-Fletcher-Goldfarb-Shanno quasi-
Newton update formula methods to determine the optimal weighting coefficients [3]. Limited memory
here refers to an algorithm modification that stores only a small number of past updates, making the
algorithm practical for large-scale problem. The objective function minimization balances the fit to
observations with a penalty on deviations from the prior (background) state, and re-linearization may be
applied if the observation operator exhibits nonlinear behavior. The optimal combination of ensemble
perturbations is then applied to the ensemble mean to produce the analysis state at the initial time, with
consistent transformation of ensemble perturbations if an analysis ensemble is required to represent
updated uncertainty. This analysis state serves as the initial condition for generating forecasts, during
which the model is integrated forward, and any necessary chemistry and diffusion adjustments are
applied. Diagnostic evaluation and quality control follow, involving the comparison of observations and
model equivalents before and after assimilation to compute residual (observed value - predicted value)
statistics, assess the consistency between ensemble spread and forecast error, and evaluate rank
histograms or normalized residuals, that is, it measures how much the members of an ensemble differ
from each other, and therefore reflects the uncertainty or confidence of the forecast. Spatial maps of
analysis increments, biases, and pollutant concentration changes are inspected to assess the physical
plausibility and impact of the assimilation. Finally, the system parameters, including localization radii,
inflation factors, hybrid blending weights, and observation error magnitudes, are adjusted iteratively
based on diagnostic feedback and forecast performance. Computational implementation requires
additional considerations such as parallelization of ensemble runs and evaluations for computational
efficiency, data compression for memory management, and systematic validation through observing
system simulation experiments or twin experiments prior to deployment in real-time applications.
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RESULTS AND DISCUSSION

Fig. 1 illustrates the workflow of the 4DEnVar general algorithm as applied to air pollution
modeling and forecast. Also, the schematic of the 4DEnVar system used in the study [5] clearly describes
the integration of ensemble-based forecasts with variational data assimilation within the Global and
Regional Assimilation and Prediction System - Global Forecast System (GRAPES-GFS) model, which
is used for simulating and predicting atmospheric conditions on a global scale. It is widely used in studies
on numerical weather prediction, data assimilation, and air pollution modeling. Ensemble members
generated from perturbed initial conditions provide a probabilistic representation of the atmospheric
state, while observations from satellites and ground stations are assimilated to correct model biases. The
analysis increment, guided by an objective function, updates the model’s initial conditions over a four-
dimensional assimilation window, both temporal and spatial, enhancing the accuracy of air quality and

weather predictions.
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Fig. 1. Workflow of the 4DEnVar algorithm for air pollution prediction.
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The main components of Python simulation script for the generic 4DEnVar algorithm applied to
the eALERT air quality monitoring platform can be grouped by their functional purpose and numbered
as 15 modules according to the script’s structure as follows:

l. Data and model initialization: 1. Load observation data (reads time series data, extracts time
steps and observation matrix, defines number of time steps (T) and number of monitoring stations (N));
2. Estimate forward model parameters (empirical estimation of diffusion (D) and advection (u)
coefficients from observed air pollution variability); 3. Define calibrated forward model, as follows:

I1. Ensemble initialization and assimilation setup: 4. Initialize ensemble (creates ensemble of

perturbed initial states to represent model uncertainty), and 5. Assimilation arrays (pre-allocates arrays
for forecasts and analyses):
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I1l.  Core 4DEnVar data assimilation: 6. 4DEnVar assimilation loop (propagates ensemble
through time using the forward model, computes ensemble means and covariance, applies the Kalman
gain, updates analysis states with observations, perturbs ensemble members for next cycle), that is:

IV. Output and visualization: 7. Save analysis results, and 8. Visualization of data assimilation.

V. Forecasting and validation: 9. 1-day forecast generation (extends assimilation results 1 day
forward (48 steps), uses ensemble mean to predict pollutant concentrations); 10. Plot assimilation and
forecast (combines observed, assimilated, and forecasted series for visualization); 11. Forecast skill
decay (compares forecast to validation observations, computes root mean square error (RMSE) evolution
to evaluate forecast degradation), for example:
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VI. Statistical and performance analysis: 12. Performance metrics computation (calculates per-
pollutant RMSE, bias, and correlation for both forecast and analysis, computes skill score, saves results);
13. Skill score visualization (bar plot of RMSE improvement (%) per pollutant indicator); 14. Forecast
heatmap analysis (1-day pollutant-wise RMSE and bias heatmaps over forecast lead time); 15. Forecast
degradation summary (computes overall forecast deterioration and improvement ratios, produces a
compact final figure layout summarizing all data assimilation and forecast diagnostics).

CONCLUSIONS
4DEnVar-based computer simulations are characterized as quasi-dynamic because these
simulations are based on or built using hybrid ensemble-variational method as their core data assimilation
approach: the 4DEnVar method is not fully dynamic like 4DVar but rather a hybrid, quasi-dynamic
approach. It represents the time evolution of forecast errors through an ensemble, providing a dynamic-
like treatment of covariances without requiring the adjoint model. Thus, the 4DEnVar data assimilation
technique uses ensemble-based flow-dependent covariances that vary in time like a dynamic system, but
it does not integrate the full model adjoint during minimization. Instead, it uses ensemble members at
multiple time slots to represent the time evolution of errors. Finally, it captures time-dependent
relationships (temporal correlations) between model states within the assimilation window, but in a
computationally more efficient, static variational framework.
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