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ABSTRACT: Dense pollution maps are essential for understanding and
reducing air pollution. However, pollution measurements are often sparse.
Common methods to address this gap are chemistry transport models (CTMs)
and air pollution interpolation models. Nonetheless, many of these models have
poor performances and intrinsic systematic biases. Here, a machine education
approach, which integrates a CTM and in situ measurements with Artificial
Intelligence (AI) techniques, is proposed for generating dense pollution maps
with enhanced accuracy. Specifically, the CHIMERE CTM is combined with a
Neural Network, eXtreme Gradient Boosting (XGBoost), or Random Forest AI
methods. The results show that the educated machine models significantly
improved predictions of air pollution levels compared to the standalone CTM.
The machine education model combining a neural network with CHIMERE
performed best among all models, followed closely by the educated model with
XGBoost, while the Random Forest model trailed. Relative to CHIMERE, the proposed models achieved reductions of up to 51.34%
and 50.54% in the root mean square error (RMSE) and mean absolute error (MAE), respectively, for NO2. For PM2.5, the models
demonstrated relative reductions of up to 40.08% and 36.54%, respectively. CHIMERE exhibited an inherent systematic
underestimation bias, characterized by mean fractional bias (MFB) values of 0.509 and 0.725 for NO2 and PM2.5, respectively. Our
models successfully eliminated this bias. Furthermore, promising dense air pollution maps were generated using our models.
KEYWORDS: Artificial Intelligence, Machine Education, Machine Learning, Deep Learning, Air Pollution, CHIMERE Model,
Neural Networks, Prediction Accuracy

1. INTRODUCTION
Air pollution poses a threat to human health via both acute and
chronic effects, causing harm to a wide range of systems and
organs. Particulate matter (PM) is an air pollutant that consists
of small particles suspended in the air. These particles vary in
size and composition, and their sources are both natural and
anthropogenic.1 Exposure to PM2.5 (particulate matter with a
diameter of 2.5 μm or less) is a global predominant cause of
premature mortality and a variety of serious health conditions,
responsible for the death of millions of individuals annually.2,3

This is particularly relevant to populous developing countries
with extensive exposure of the population to the pollution of
growing industries. An additional harmful air pollutant is
nitrogen dioxide (NO2). Short-term exposure to NO2 is linked
to respiratory morbidity, adverse cardiovascular effects, and
premature mortality, while long-term exposure is linked to
additional harms such as diabetes, poorer birth outcomes, and
cancer.4,5 Thus, mitigating air pollution, and particularly these
two pollutants, has a critical role in sustaining the modern way

of life, and measuring and monitoring air pollution is the first
step toward maintaining public health.
Nowadays, air pollution is regularly monitored by Air

Quality Monitoring stations (AQMs). While other means for
measuring air pollution exist,6 AQMs are still considered to be
the gold standard, and the most common tool for measuring
air pollution. Despite being accurate and reliable, a major
drawback of the AQM stations is their sparse deployment due
to their bulkiness, high cost, and professional maintenance
requirements.7 This limits the AQM network’s ability to
adequately capture highly resolved air pollutant spatial
variations. Therefore, numerous efforts of air pollution
modeling have been made over the years, many of which
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rely on mathematical, statistical, physical, and chemical
theories, such as Chemistry Transport Models (CTMs).8

With that, while the core equations for meteorological
modeling have been well-established for many years, those
for atmospheric chemistry are still evolving and being
researched.9 Accordingly, CTMs have inherent limitations
and systematic biases, as they cannot account for all the
complex and obscure phenomena and mechanisms that affect
the propagation and dispersion of pollutants, such as
topography, surroundings, gaseous flow, and chemical
reactions.10,11 Therefore, several studies have attempted to
correct CTM outputs using various mathematical and
statistical methods. One of those studies, utilizing an analog
ensemble bias correction approach, was integrated into the
operational U.S. National Oceanic and Atmospheric Admin-
istration (NOAA) National Air Quality Forecasting Capability
(NAQFC) system.12 The goal was to reduce biases and
improve the Community Multiscale Air Quality (CMAQ)13

model predictions of PM2.5 over the contiguous United States.
The analog ensemble approach assumes that, in stable climate
conditions, model forecast errors in past similar weather events
(or analogs) can be used to statistically adjust and correct
current forecasts of the model.14 Thus, in this case, an analog is
essentially a past weather event with meteorological conditions
similar to the current forecast scenario. For the search for
analogs, three meteorological variables, which were found to be
strong predictors, were used, as well as CMAQ PM2.5
estimations. All four variables were assigned equal weights
for the analog search procedure. This method was limited to a
small number of variables. Thus, a big portion of the variables
were neglected, meaning that some of the inherently biased
behavior of the predictive model was left unaddressed.
Furthermore, a significant number of samples did not have
proper analogs, leading to corrections that were based on
unsatisfactory resemblance between scenarios. Additionally,
samples were associated with analog ensembles, and hence, the
degrees of freedom were decreased, which impaired the
model’s ability to effectively generalize on extensive real-world
data. Another study presented a different adaptation of the
analog ensemble for forecasting PM2.5 values by applying
Kalman Filter (KF) correction to an analog ensemble weighted
mean.15 An inherent weakness of the KF is that it assumes that
both the system and observation model equations are linear,
which is not realistic in many real-life situations, especially in
air pollution modeling, where chemical reactions are often
characterized by nonlinearity. Additionally, in conventional
KF, both process and observation noises are assumed to be
white, Gaussian, additive, and mutually uncorrelated, which is
another assumption to be placed under great doubt in air
pollution modeling. Moreover, the methodology was tested
using 12 months of data. It is strongly advised that air pollution
forecasting applications utilize predictors covering a period of
over a year, to account for seasonal factors that have a
significant impact on air pollution levels.10

Neural networks (NNs) are a type of machine learning
model inspired by the human brain. In air pollution
forecasting, due to their ability to capture complex and
nonlinear relationships between various factors such as weather
conditions, emissions, and geographical features, they are used
for providing accurate forecasts, aiding in pollution control and
public health management. In the context of air pollution,
researchers predicted averages of PM2.5 concentrations on the
US−Mexico border through three different topologies of

neural networks: multilayer perceptron, radial basis function,
and square multilayer perceptron.16 In a different study, a
Random Forest (RF) model with SHapley Additive explan-
ation (SHAP) was used to identify key drivers of severe haze
pollution, focusing on feature attribution and interpretability.17

In contrast, our educated-machine approach aims to correct
systematic biases in CHIMERE and generate dense pollution
maps, prioritizing predictive accuracy over causal analysis. In a
2017 study, a fully connected feedforward NN approach was
implemented as a means of air pollution forecasting and was
compared with CMAQ.18 Their model made use of
meteorological variables and monitored PM2.5 observations
in the state of New York as predictors for predicting the PM2.5
of the following day. To account for the seasonal variations, the
month was also used as an input variable to the neural network.
The authors made use of previously monitored PM2.5
observations as inputs to their neural network but did not
incorporate valuable information hidden within the bias of the
CMAQ model. Moreover, only 5 meteorological variables were
utilized for the training of the neural network model, which
limits the ability to comprehend complex patterns. With the
extensive utilization of NNs, the above body of work utilized
NNs for air pollution prediction (forecasting), without the
integration of any CTM. A recent work by Ajdour et al. utilized
NNs and discrete wavelet transform to predict concentrations
of a different air pollutant, ozone.19 This work showed several
limitations: the geographical scope was limited to the city of
Casablanca, Morocco; the inputs to their NN architecture were
solely CHIMERE’s CTM ozone outputs and the ground-truth
observations; and the training set data spanned across a short
period of time of about 6 weeks, while a single week was used
as the test set. Mhawish et al. integrated satellite-derived
aerosol optical depth, columnar water vapor, and various
meteorological variables to develop linear mixed effect and RF
models for predicting daily PM2.5 concentrations across the
Indo-Gangetic Plain in South Asia.20 However, their frame-
work did not incorporate a CTM, thus isolating the physical
and chemical processes from the modeling task.
CHIMERE is a multiscale chemistry transport model for

atmospheric composition analysis and forecast developed by
the Laboratoire de Met́eórologie Dynamique and other
contributors.21 CHIMERE is designed to estimate atmospheric
pollutant concentrations over local to continental scales;
CHIMERE conducts physicochemical simulations, incorporat-
ing meteorological inputs, pollutant emission fluxes, and
chemical boundary conditions. CHIMERE has been widely
used globally to model pollution levels across scales ranging
from megacities to continental regions. In Israel, CHIMERE is
deployed by the Israeli Ministry of Environmental Protection
for estimating pollutant concentrations in the atmosphere
throughout Israel. However, comparisons with AQM station
measurements consistently reveal its spatially limited perform-
ance across diverse geographical regions.22−24 To address the
shortcomings of CHIMERE, a surrogate metamodel for
CHIMERE, rather than correcting its output, has been
suggested.25 This essentially disassociates the problem from
its physicochemical context, underscoring the need for a
method that not only improves CHIMERE’s performance and
accuracy but also preserves its connection to the physics
governing pollution systems. While machine learning has
become a powerful tool for data analysis, its reliance on
mathematical algorithms without understanding the underlying
physical processes limits its flexibility across domains. To
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bridge this gap, Kendler et al.26 have introduced the machine-
education approach, coupling Machine and Deep Learning
(M&DL) architectures with CTMs, providing a solution that
leverages both data-driven accuracy and physical interpret-
ability.
Machine education differs from conventional machine

learning by incorporating physical knowledge from models
such as CTMs to guide the machine learning models in their
learning process. This integration leverages domain-specific
insights, such as pollutant dispersion dynamics, emissions, and
meteorological influences, to help the machine learning models
focus on correcting estimation errors rather than learning
pollutant levels from scratch. This renders the educated
machine accurate, and its generalization capabilities outper-
form classical machines.
Here, we utilize an educated machine approach for

generating dense air pollution maps, where the machine
capitalizes on a CTM and M&DL algorithms. Specifically,
CHIMERE is used as the predictive CTM and NN, XGBoost,
and Random Forest are considered for the M&DL component
of the machine. The educated machine employs a coarse-to-
fine approach by integrating CHIMERE’s estimations with
M&DL algorithms. The pollutant level is estimated by
superimposing CHIMERE’s output with the M&DL model
error prediction. Specifically, CHIMERE’s estimation is
adjusted by adding the predicted error to it (Educated
Machine Predicted Concentration = CHIMERE Base
Estimation + Predicted CHIMERE Error), thereby refining
the output to align more closely with the ground-truth
measurements and enhancing accuracy and generalization by
capturing CHIMERE’s weaknesses alongside complex relation-
ships in the data.
The dynamic range of the target space influences the

complexity of the model, the adaptability of the network, and
the speed at which the model is trained.27−29 Therefore, the
goal is to keep the dynamic range of the target space as small as
possible. To keep the target space as small as possible, as
mentioned above, we use the M&DL models to estimate
CHIMERE’s error, rather than the AQMs’ measurements.
However, it is important to note that the error, in this case, is
on the order of magnitude of the actual pollutant values. Thus,
while theory supports using the error rather than the actual
value, the difference in this study is marginal.
The educated machines are trained using a comprehensive

data set that includes CHIMERE’s concentration estimates for
several pollutants, AQM station in situ measurements,
meteorological, geographical, and topographical variables, and
temporal information. It is worth noting that CHIMERE’s
simulations themselves heavily rely on emission inventories,
ensuring that emissions data is fed to our models indirectly.
Here, our focus is directed toward the following harmful and
concerning pollutants: PM2.5 and NO2 with the rationale of
addressing both gaseous and particulate species.

2. METHODOLOGY
2.1. Data. Two data sources were used in this study. The

first source is Israel’s ambient AQM network, comprising over
200 stations operated by the Ministry of Environmental
Protection, municipal air quality associations, and industry. All
stations are ISO 17025 certified, ensuring routine maintenance
and strict data quality assurance. For this study, 115 stations
measuring NO2 and 60 stations measuring PM2.5 were
included. The second source is CHIMERE’s operational

forecast output from 2018 to 2020, provided by the Ministry
of Environmental Protection. The CHIMERE model (v2007)
was run on a nested grid configuration, with the finest
resolution offering 3 km hourly forecasts over Israel. Forecasts
included 2 days worth of data plus a 12 h spin-up, totaling 60
h. Further details on CHIMERE’s operational runs are
available in a 2020 study.30 For PM2.5, the model output
includes three components: biogenic, anthropogenic, and total
particulate matter. This study uses the total PM2.5, representing
all contributions, comparable to the AQM in situ measure-
ments. Meteorological variables were derived from the WRF
(Weather Research and Forecasting) model, used as input to
CHIMERE. CHIMERE’s error was calculated by subtracting
hourly CHIMERE forecasts from corresponding hourly AQM
observations.
The data sets for NO2 and PM2.5 contained many features

(see Supporting Information for the complete list), following is
the partial list:

• CHIMERE’s estimations for the following pollutants
concentrations: carbon monoxide (CO), nitrogen oxide
(NO), NO2, ozone (O3), PM10, PM2.5, and sulfur
dioxide (SO2).

• CHIMERE’s estimation error at AQM station locations.
• Meteorological variables related to temperature, wind,
relative humidity, air density, cloud water content and
attenuation, precipitation, soil moisture, shortwave
radiation, vertical diffusivity, etc.

• Geographical and topographical variables such as
longitude, latitude, altitude, etc.

• Hour of the day.

The estimation error was set to be the target variable to be
learned by the models, while all other variables were set to be
inputs to our models.
The NO2 data set contained 39,148 samples, dating from

January 1, 2018, to December 23, 2020. For the equivalent
period, the PM2.5 data set contained 18,826 samples due to
missing data. Each sample contained the above-mentioned
variables for a certain AQM station at a certain timestamp. For
instance, on January 1, 2018, at 6 AM, 53 different AQM
stations produced NO2 measurements; hence, the data set
contains 53 samples for this timestamp. Similarly, at 11 AM
that day, 83 stations recorded measurements, resulting in 83
samples in the data set. Typically, for each day there are 1−2
different timestamps at random varying times, for which there
are samples. The units of measurement for the pollutant
concentrations are ppb (parts per billion) and μg/m3 for NO2
and PM2.5, respectively.
The complete data set was randomly divided into two

subsets: a training set containing 75% of the data, which was
used to develop and train the models, and a test set containing
the remaining 25%, which was used to evaluate the models’
performance on previously unseen data. This standard division
ensures an unbiased assessment of the models’ predictive
capabilities while maintaining sufficient data for effective
training. Although the training set was already created through
a random split of the data set, it was further shuffled as a
safeguard to ensure complete randomness and diversity within
the data. This step is particularly relevant for Neural Networks
(NNs), which are trained iteratively on batches of data and
benefit from randomized exposure during training. The test set,
however, was not shuffled, as performance evaluation is
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conducted on the entire data set, and shuffling would not
impact the results.
For NO2, training and test sets consisted of 29,361 and

9,787 samples, respectively. For PM2.5, training and test sets
consisted of 14,119 and 4,707 samples, respectively. Both the
training and test sets were standardized, providing a mean of 0
and a standard deviation of 1 for all explanatory variables. The
target (or response) variable, i.e., the estimation error, was left
unstandardized.
Another aspect of interest was to evaluate the significance of

employing a random split for dividing the data into train and
test sets, as opposed to a temporal split strategy. A temporal
split involves partitioning the data based on chronological
order, such as using the initial 25% of observations as the test
set and the subsequent 75% as the training set or vice versa.
The chosen allocation was to have the initial 25% of
observations as the test set and the subsequent 75% as the
training set rather than employing the reverse split, wherein the
initial 75% serves as the training set and the last 25% as the test
set. This decision was driven by the fact that the final 25% of
the data corresponded to the onset of the COVID-19 epidemic
surge, a period characterized by significant disruptions and
anomalies in air pollution patterns. By incorporating the
COVID-19 period into the training set, its impact was
distributed across a larger data set, reducing its influence and
ensuring more reliable and unbiased model evaluation.
Conversely, including this biased and atypical period in the
test set would disproportionately influence the evaluation of
the models, given that the test set is three times smaller than
the train set. Thereafter, the models underwent training and
testing based on this split.
Feature selection algorithms have been applied to identify

the optimal subset of features for the task of learning
CHIMERE’s estimation errors. No improvement has been
observed, and thus all features were used for the analysis. The
feature selection algorithms and the results are reported in the
Supporting Information.

2.2. Educated Machines. Educated machines are based
on the integration of CTM into a machine learning framework.
To accomplish that, several methodologies have been reported.
A 2017 study suggested training the network using both real
and synthetic data derived from a physical model.31 Physics-
Informed Neural Networks (PINNs) leverage governing
physical equations in the network’s training phase, in which
the network must fit observed data while reducing Partial
Differential Equation (PDE) residuals.32 A recent study
suggested an approach where preprocessing was applied on
video sequences to extract relevant features, thus alleviating the
need to find these features from the raw data by the network.33

The coarse to fine approach was also presented. To this end,
researchers used the European Center for Medium-Range
Weather Forecasts (ECMWF) Object-Oriented Prediction
System, as a primary, coarse, estimation, and then a NN for
refining the estimation.34 Similarly, Farchi et al. presented data
assimilation methodologies for the primary estimation, which
were then fine-tuned by a fully connected neural network.34,35

The use of educated machines essentially guides the NN in
the solution process, rendering simpler the problem to be
solved by the NN itself. This, in return, allows for (i) training
the network with data that does not necessarily need to be
large nor complete,36 (ii) shorter training times27,29 and (iii)
the use of simpler network architectures.28,29 Thus, with some
knowledge about the physical characteristics of the problem

and some form of training data (even sparse and incomplete),
educated machines may be used for finding an optimal solution
with high fidelity.
Here we present the use of the coarse-to-fine approach,

consisting of the CHIMERE dispersion model combined with
either NN, eXtreme Gradient Boosting (XGBoost), or
Random Forest (RF). NNs have been chosen due to their
ability to capture complex nonlinear relationships and learn
intricate patterns in data. Through this, NNs are capable of
learning and recognizing patterns in data and can be used for a
variety of tasks, including predictive modeling.37 XGBoost and
RF algorithms were chosen for their ensemble learning
capabilities and their ability to handle diverse data character-
istics. These algorithms excel in capturing both linear and
nonlinear relationships, enabling effective modeling of complex
patterns in the estimation error. Moreover, their ensemble
nature fosters enhanced model robustness and reduces the risk
of overfitting, resulting in improved generalization and
predictive performance.

2.3. Neural Networks. Capitalizing on the advantages of
educated machines, a simple fully connected linear neural
network was implemented with similar architecture for both
NO2 and PM2.5, as it was found to provide the best results for
both pollutants. A manual search was conducted for the
network’s hyperparameters tuning. The search included
variations of number of hidden layers, number of neurons in
each layer, batch size, activation function, learning rate, loss
function, and optimizer. As part of the training process, the loss
on the test set was tracked at the end of every training epoch,
as well as the training loss. For each epoch in which the
network produced a validation loss lower than the minimal
validation loss obtained up to that step, that model was saved
and the validation loss as well as the epoch number were
recorded. Two stop criteria were defined for the training
process; the first was when the training process reached the
predefined last epoch. The second was when validation loss
over the last 40 epochs did not go below the current minimal
validation loss obtained, meaning that the best model has
already been achieved. The latter criterion was defined for
computational efficiency. The networks’ chosen architecture
was 3 hidden layers, 200 neurons in each hidden layer, input
layer neurons as the number of features, i.e., 40 neurons,
output layer of 1 single neuron (the target variable), learning
rate of 0.001, batch size of 64, Adam optimizer, MSE loss
function, and ReLU activation function.

2.4. Decision Tree Based Algorithms. 2.4.1. Decision
Trees. Decision Trees (DTs) are a fundamental machine
learning algorithm that constructs hierarchical decision
structures to solve classification or regression problems.38

They recursively partition the input data based on feature
values, creating a tree-like structure where each internal node
represents a decision based on a specific feature and each leaf
node represents a final prediction or outcome. DTs are
characterized by their simplicity, interpretability, and ability to
handle both categorical and numerical features. They are
particularly effective at capturing complex decision boundaries
and interactions among features. One of the key advantages of
DTs is their ability to handle both linear and nonlinear
relationships in the data. However, they can be prone to
overfitting, especially when the tree becomes deep and
complex. To mitigate this, ensemble methods, such as Random
Forest or XGBoost are often employed.
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2.4.2. Random Forest. Random Forest is an ensemble
learning method that builds upon the foundation of DTs.39

Ensemble methods are designed to improve the performance
of models by combining multiple weaker learners (models) to
create a single stronger learner. The forests are composed of
multiple individual DTs, where each tree is constructed using a
different subset of the training data and a random subset of
features. Each DT in the RF independently makes predictions,
and the final prediction is determined by aggregating the
results from all trees. RF harnesses the power of ensemble
learning to improve predictive accuracy and mitigate the
shortcomings of individual DTs by combining the predictions
of diverse trees. This provides robustness against overfitting
and enhances generalization. Moreover, the randomness
injected during training helps capture different aspects of the
data, resulting in a more comprehensive modeling of complex
relationships.
To establish a profound RF model, an approach of grid

search with k-fold cross validation40 was utilized for the
models’ hyperparameter tuning, both for NO2 and PM2.5. The
goal was to find the combination of hyperparameters that
resulted in the best performance of the model on the validation
set. Once the model is trained and evaluated using all the
possible hyperparameter combinations, the model with the
best performance is selected and used to make predictions on
new data. The grid search hyperparameters chosen for the
construction of the RF model were the following: maximum
depth of a tree, number of features to consider when looking
for the best split at each node, number of trees constructing the
forest, minimum number of samples required to split an
internal node, and minimum number of samples required to be
at a leaf node. The best performing model, i.e. the lowest MSE
achieved over the k-fold cross validation, was a RF with the
following hyperparameters: for PM2.5, maximum depth of 50
nodes for each tree, the amount of features to consider for a
node split being the square root of the total amount of features,
150 trees constructing the forest, minimum of 5 samples
required to split an internal node, minimum of 1 sample
required to be at a leaf node; for NO2, maximum depth of 50
nodes for each tree, number of features to consider for a node
split being all features, 150 trees constructing the forest,
minimum of 2 samples required to split an internal node,
minimum of 4 samples required to be at a leaf node.
2.4.3. eXtreme Gradient Boosting: XGBoost. XGBoost is an

advanced gradient boosting framework that leverages the
strengths of DTs to deliver enhanced predictive performance.41

Similar to RF, XGBoost utilizes an ensemble approach but with
a different strategy called boosting. Boosting involves
sequentially adding DTs to the ensemble, where each
subsequent tree aims to correct the errors made by the
preceding trees. By iteratively refining the model, XGBoost
adapts and learns from previous mistakes, ultimately
converging to a highly accurate and robust prediction model.
XGBoost employs gradient-based optimization for precise
adjustments during each boosting iteration, ensuring superior
convergence and efficiency. Furthermore, XGBoost utilizes
regularization techniques to control the model complexity and
mitigate overfitting, enhancing generalization capabilities.
A 3-fold cross validation was chosen for finding XGBoost

hyperparameters for both pollutants. The grid search hyper-
parameters chosen for the construction of the XGBoost model
were as follows: maximum depth of a tree; η, a regularization
parameter that shrinks feature weights in each boosting step;

subsample ratio of the training instances, for example, a chosen
subsample ratio of 0.5 means that the XGBoost would
randomly sample half of the training data prior to growing
trees; subsample ratio of features when constructing each tree,
for example, for a chosen subsample ratio of 0.5, XGBoost will
randomly select 50% of the features to build each tree and the
remaining 50% of the features will be ignored; γ, minimum loss
reduction required to make a further partition on a leaf node of
the tree; α, L1 regularization term added to the loss function; λ,
L2 regularization term added to the loss function; number of
trees constructing the XGBoost model; number of parallel
trees constructed during each iteration; and booster type.
Regarding the latter, two types of boosters were compared:
Gradient-boosting tree, gbtree; and Dropouts meet Multiple
Additive Regression Trees, dart. The main difference between
the two boosters is that the dart booster utilizes dropout
regularization by introducing randomness in the training
process by dropping out random trees during training, which
helps to reduce overfitting and improve generalization
performance. In contrast, the gbtree booster builds trees
sequentially without introducing randomness.
The best performing model was an XGBoost with the

following hyperparameters: for PM2.5, maximum depth of 8
nodes for each tree, η of 0.1, 1.0 subsample ratio of training
instances, 0.75 subsample ratio of features, γ of 0, α of 0.5, λ of
1.0, 200 trees constructing the model, 1 tree constructed
during each iteration, booster type of dart; for NO2, maximum
depth of 8 nodes for each tree, η of 0, 0.7 subsample ratio of
training instances, 1.0 subsample ratio of features, γ of 5, α of
0, λ of 1.0, 100 trees constructing the model, 3 trees
constructed parallelly during each iteration, booster type of
dart.

2.5. Performance Evaluation. To evaluate the overall
performance of our models, numerous tests and metrics were
utilized:

1. Mean Absolute Error (MAE), a commonly used metric
for evaluating the performance of regression models. It
measures the average absolute difference between the
predicted and true values of the target variable. It is
given by

N
O EMAE

1

i

N

i i
1

= | |
= (1)

where Oi and Ei denote observed and estimated
concentration of sample i, respectively. N is the total
number of samples.

2. Root Mean Square Error (RMSE), another widely used
metric for evaluating performance. It measures the
square root of the average of the squared differences
between the predicted and true values of the target
variable. Compared to the MAE, RMSE penalizes larger
errors more heavily due to the squaring operation. It is
given by

O E

N
RMSE

( )i
N

i i1
2

= =
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3. Mean Fractional Bias (MFB), a dimensionless number
estimating a model’s underestimation or overestimation
of the ground truth, essentially indicating an inherent
systematic error. It is given by
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which also translates to
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where μO and μE are the overall mean of the observed
and estimated concentrations, respectively. MFB values
range between −2 and +2, where a value of 0 is ideal and
indicates that the model is unbiased, a positive value
indicates that the model is underestimating the ground
truth values, and a negative value indicates that the
model is overestimating the ground truth values.

4. Cumulative Distribution Function (CDF), a plot
depicting the cumulative frequency of AQM stations
for which the model mean estimation error is below the
x axis threshold. In other words, the y axis depicts the
cumulative frequency of the AQM stations, while the x
axis depicts mean estimation errors. Plotting the CDF
enables us to understand what portion of the stations fall
in a desirable range of mean estimation errors for the
various models.

5. Distribution plot, visualizing the distribution of
estimation errors for both test sets (NO2 and PM2.5)
providing a comprehensive overview of the spread and
concentration of estimation errors across the entire test
sets. Examining the distribution allows for the
identification of central tendencies, outliers, and the
overall shape of the error distribution. Moreover, it
serves as a valuable complement to the CDF, offering
additional insights into the overall predictive behavior of
the models. Ideally, it would be desirable for a model to
exhibit the following characteristics:

• Most estimation errors should be centered around
zero, indicating that, on average, the model’s
predictions are accurate.

• A narrower spread of estimation errors (smaller
standard deviation), signifying that the model’s
predictions are consistent and have low variability.
In other words, the model is making precise
predictions.

• Minimal occurrences of extreme outliers.
6. Spatial performance plots, for visual assessment of the
results, two plots, one for each pollutant, visualizing the
average absolute estimation errors across all geo-
graphically scattered AQM sites throughout Israel and
in addition two dense pollution maps covering the entire
grid of national boundaries, including locations where no
AQM stations are deployed.

The educated machine’s performance was compared to
simpler alternatives; two additional methods were introduced
into our testing. The first method, “Simplistic CHIMERE”,
involved a straightforward approach, where CHIMERE’s
estimations were shifted by the mean estimation error
observed across all test set observations. The second method
employed an Elastic Net model, serving as a regularized linear
regression technique, implemented in the interest of affirming
the benefit of leveraging M&DL methodologies capable of
capturing complex nonlinear relationships within the data. The
Elastic Net model was configured with a 0.5 ratio of L1 and L2
penalties (weighing them equally), and the constant that

multiplies the penalty terms was set to 1.0. To ensure that the
results were not dependent on a single random split of the data
into training and test sets, five independent random splits were
performed. Each split maintained a 75%/25% training/test
ratio, and for each split, separate M&DL models were trained
and evaluated on their corresponding training and test sets.
The performance metrics reported in the study represent the
average results across these five splits, providing a robust
assessment of the models.

3. RESULTS AND DISCUSSION
The performances of the models based on the metrics of MAE,
RMSE, and MFB are shown in Table 1 (NO2) and Table 2

(PM2.5). With respect to NO2, while CHIMERE displays a
clear inherent systematic bias demonstrated by an MFB of
0.509, all evaluated models achieve successful elimination of
this phenomenon, with MFBs close to zero. The positive value
of the MFB implies CHIMERE’s tendency to underestimate
the ground truth. The MFB of the simplistic CHIMERE is not
reported because it was artificially forced to be zero when the
correction of the estimations was introduced merely by the
mean estimation error of plain CHIMERE. Overall,
CHIMERE demonstrated the poorest performance of all
models, highlighting the clear need for its correction. The best
performance was assuredly achieved by the NN-based
educated machine model, demonstrating both the lowest
MAE value as well as the lowest RMSE. Next, in a look at the
MAE and RMSE results, the XGBoost (XGB) educated
machine model outperformed the RF model. Subsequently, the
RF model outperformed the Elastic Net. Interestingly, the
simplistic CHIMERE achieved a lower RMSE than plain
CHIMERE, but marginally higher MAE. This suggests that this
straightforward correction was slightly effective solely at
mitigating the impact of larger errors.
Compared to CHIMERE, the NN-, XGBoost-, and RF-

based models yield relative reductions of 50.54%, 35.29%, and
30.51% in MAE, respectively, and relative reductions of

Table 1. MAE, RMSE, and MFB Results for NO2
a

MAE [ppb] RMSE [ppb] MFB

CHIMERE 6.49(0.04) 12.27(0.57) 0.509(0.005)
Simplistic CHIMERE 6.54(0.06) 11.68(0.60)
Elastic Net 6.16(0.05) 11.00(0.62) −0.003(0.004)
RF 4.51(0.15) 8.18(1.02) −0.002(0.022)
XGB 4.20(0.07) 7.65(0.85) 0.000(0.0290)
NN 3.21(0.04) 5.97(0.72) 0.001(0.004)
aResults are presented as mean (STD). Performance rankings appear
in a vertical order of worst to best.

Table 2. MAE, RMSE, and MFB results for PM2.5
a

MAE
[μg/m3]

RMSE
[μg/m3] MFB

CHIMERE 12.15(0.14) 19.71(0.54) 0.725(0.008)
Simplistic CHIMERE 10.03(0.12) 17.00(0.67)
Elastic Net 9.36(0.11) 13.97(0.13) 0.000(0.009)
RF 8.14(0.15) 12.74(0.31) −0.043(0.011)
XGB 7.84(0.14) 12.31(0.58) −0.013(0.022)
NN 7.71(0.13) 11.81(0.11) 0.023(0.014)
aResults are presented as mean (STD). Performance rankings appear
in a vertical order of worst to best.

ACS ES&T Air pubs.acs.org/estair Article

https://doi.org/10.1021/acsestair.4c00178
ACS EST Air 2025, 2, 1411−1425

1416

pubs.acs.org/estair?ref=pdf
https://doi.org/10.1021/acsestair.4c00178?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


51.34%, 37.65%, and 33.33% in RMSE, respectively. Elastic
Net achieved far inferior relative reductions of 5.08% in MAE
and 10.35% in RMSE. While simplistic CHIMERE did not
demonstrate an improvement in the MAE metric, it achieved a
relative reduction of 4.81% in RMSE, which is negligible
compared to that of the NN-based model.
Regarding PM2.5, the inherent systematic bias of CHIMERE

and its tendency to underestimate the ground truth was even
more significant, demonstrated by an MFB of 0.725. Despite
that, all models successfully resolved the systematic bias with
MFB values close to zero. Overall, CHIMERE yet again
performed worse than all other models, for all metrics. The
NN-educated machine model once more demonstrated its
superiority over the other models, although not as prominently
as in the case of NO2, as its results are only slightly better than
XGBoost’s results. Subsequently, the XGBoost model
performed slightly better than the RF-based model. Thereafter,
RF outperformed Elastic Net, and simplistic CHIMERE
ranked last, as it did in the case of NO2. Nonetheless, with
respect to the PM2.5 task, simplistic CHIMERE indeed
demonstrated a slight improvement in performance in
comparison to plain CHIMERE. Compared to CHIMERE,

the NN-, XGBoost-, and RF-based models yielded relative
reductions of 36.54%, 35.47%, and 33.00% in MAE,
respectively, and relative reductions of 40.08%, 37.54%, and
35.36% in RMSE, respectively. Elastic Net achieved relative
reductions of 22.96% in MAE and 29.12% in RMSE. Simplistic
CHIMERE achieved relative reductions of 17.45% in MAE and
13.75% in RMSE.
Regarding the comparison between the models’ perform-

ances when trained using random data splits versus a temporal
data split, the former demonstrated a clear advantage. Detailed
results and a discussion are provided in the Supporting
Information.
Performance in terms of the CDF is illustrated in Figure 1

(NO2) and Figure 2 (PM2.5), and a more thorough analysis is
presented in Table 3 (NO2) and Table 4 (PM2.5), depicting,
for each educated model, the percentage of AQM stations for
which their mean estimation error is below varying thresholds
(absolute-wise), using all AQM stations measuring the relevant
pollutant (115 and 60 for NO2 and PM2.5, respectively).
CHIMERE’s previously disclosed systematic bias is evident for
both NO2 and PM2.5. In accordance with the aforementioned
MFB values, it is notably more substantial for PM2.5, as its

Figure 1. CDF of the percentage of AQM stations for which the models’ mean absolute error is below the corresponding threshold on the x-axis,
constructed of all NO2 AQM stations.

Figure 2. CDF of the percentage of AQM stations for which the models’ mean absolute error is below the corresponding threshold on the X-axis,
constructed of all PM2.5 AQM stations
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curve is far to the right-hand side of the y axis (Percentage of
Stations), meaning it greatly underestimates the ground truth.
In fact, the bias is so significant that out of the 60 AQM
stations monitoring PM2.5, for 59 of them, the mean estimation
error was positive. Regarding NO2, while CHIMERE’s CDF
curve is much closer to the y axis compared to the case of
PM2.5, the curve is characterized by a significantly wider
stretch, meaning a high variance. With respect to PM2.5 the
curves of all educated models demonstrate elimination of
CHIMERE’s severe underestimation bias. While CHIMERE
undoubtedly demonstrates the worst performance, the
XGBoost-based model exhibits the best performance among
all models, reflected in the narrowest curve stretch and the
closest intersection with the y axis at the 50%−50% point,
meaning an almost equal division of AQM stations having a
negative and positive mean estimation error. Ranked second is

the NN-based model; thereafter, the RF and Elastic Net
demonstrate comparable performance, and simplistic CHI-
MERE falls short among the others. Nonetheless, there is a
high resemblance among the curves of all models, excluding
CHIMERE. This observation gives more ground to the
previously mentioned suggestion that the properties of the
PM2.5 data are less characterized by complex nonlinear
relationships.
In the case of NO2, the NN educated machine-based model

demonstrates the best performance, intersecting the y axis
exactly at the 50%−50% point, while also having the narrowest
curve stretch. Subsequently, the RF and XGBoost-based
models were second, having a curve stretch almost as narrow
as the NN, but with a slight offset into the negative section of
the mean estimation error. Thereafter, with inferior perform-
ances are the Elastic Net and simplistic CHIMERE,
demonstrating a significantly different curve pattern, reflected
in a wide curve stretch and a substantial offset into the negative
section of the mean estimation error. While the educated
machine models display successful narrowing of CHIMERE’s
curve, implying a meaningful reduction in variance, there is
practically none of this effect occurring for the Elastic Net.
Simplistic CHIMERE’s curve is merely a shift of plain
CHIMERE’s curve. The evident differences between the
curves of the educated models and the Elastic Net, which is
a linear model, implies that NO2 is most probably
characterized by complex nonlinear relationships, as previously
suggested.
Table 3 (NO2) and Table 4 (PM2.5) present the superior

performance, for both pollutants, of the educated models over
the Elastic Net and simplistic CHIMERE, which, in turn,
outperform plain CHIMERE. For both pollutants, the
performances of the NN- and XGBoost-based educated
models are quite comparable, while outperforming the RF
model. A visualization of a quantile analysis can be seen in
Figure 3 and Figure 4, essentially complementing the
information presented in Table 3 and Table 4, depicting the
percentage of AQM stations for which the models’ mean
estimation error (absolute-wise) is below a given threshold.
Examining each quantile for both pollutants, it is noteworthy
that the curve representing CHIMERE consistently lies above
the curves of all models. This positioning argues that for any

Table 3. Percentages of AQM Stations for Which the
Models’ NO2 Mean Estimation Error Is Less than Varying
Thresholds, Absolute-wise (|ε| < Threshold)

threshold [ppb]

1 3 4 7 10

CHIMERE 20.00 64.35 74.78 88.70 95.65
Simplistic CHIMERE 20.87 66.96 80.00 95.65 97.39
NN 70.43 98.26 99.13 100.00 100.00
RF 53.91 91.30 93.91 100.00 100.00
XGB 61.74 93.04 95.65 100.00 100.00
Elastic Net 26.09 74.78 86.96 95.65 98.26

Table 4. Percentages of AQM Stations for Which the
Models’ PM2.5 Mean Estimation Error Is Less than Varying
Thresholds, Absolute-Wise (|ε| < Threshold)

threshold [μg/m3]

1 3 4 7 10

CHIMERE 0.00 2.98 3.98 15.12 67.80
Simplistic CHIMERE 30.00 71.11 80.85 91.67 95.00
NN 45.00 86.67 91.67 96.67 96.67
RF 36.67 76.67 90.00 100.00 100.00
XGB 46.67 88.33 93.33 98.33 98.33
Elastic Net 26.67 75.00 81.67 96.67 98.33

Figure 3. Quantile Analysis of the NO2 mean estimation error for all AQM stations.
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given percentage of AQM stations, CHIMERE exhibits a larger
absolute mean estimation error compared to all other models.
In practical terms, this suggests that the mean estimation errors
for the AQM stations fall within a more constrained range
when predicted by the models compared to CHIMERE.
Regarding NO2, the NN-based model outperforms all other
models, having the lowest curve throughout all the quantile
range. Subsequently, with comparable curves, RF- and
XGBoost-based educated models come second. Thereafter,
Elastic Net demonstrates a slight advantage over simplistic
CHIMERE. Ranked last is plain CHIMERE. Regarding PM2.5,
the XGBoost educated model has a marginal advantage over
the NN-based model, which, in turn, holds a slight edge over
the RF-based model. Next, there are both the Elastic Net and
the simplistic CHIMERE, with roughly equal curves. As
previously mentioned, CHIMERE ranks last.
For all models, Figure 5 and Figure 6 present the

distribution of the estimation errors among all test set samples,
for NO2 (9787 samples) and PM2.5 (4707 samples),
respectively. In addition, for all models, the figures note the
mean and standard deviation for the test sets’ estimation
errors. Upon examination of the figures, for both pollutants, it
is evident that the educated models exhibit better performance
compared to CHIMERE, and they achieve a reduced standard
deviation, a significantly reduced mean estimation error, and
fewer outlier occurrences. The Elastic Net succeeds in
reducing the mean estimation error substantially; however,
its effect on standard deviation reduction is minimal. Hence,
overall, the educated models outperform Elastic Net, while
CHIMERE ranks last. A discussion concerning simplistic
CHIMERE is redundant, as its distribution simply replicates
plain CHIMERE’s distribution, with a shift along the x-axis. As
for the internal ranking of the educated machines, it is task
dependent. For NO2, the NN-based educated model achieves
the lowest mean estimation error and standard deviation;
hence, it ranks first. Its standard deviation, 6.570 ppb, is just
above half that of CHIMERE (12.074 ppb). Thereafter, the
XGBoost-based model achieves a standard deviation noticeably
lower than the RF-based model; however, its mean estimation
error is slightly higher, making this performance comparison
nuanced. Regardless, all educated models significantly reduce
CHIMERE’s 3.698 ppb mean estimation error to close to zero,
−0.081 to 0.194 ppb. With respect to PM2.5, the XGBoost-

based educated machine demonstrated its superiority over the
other models, achieving the lowest mean estimation error and
standard deviation. Following this, the NN-based model
achieves a lower (absolute-wise) mean estimation error than
the RF model; however, its standard deviation is higher,
making their performances quite comparable (similar to Figure
4). Nonetheless, all educated models substantially reduce
CHIMERE’s extremely high mean estimation error of 10.088
μg/m3 to the range of −0.472 to 0.155 μg/m3).
It is important to note that there is an inherent discrepancy

between the grid-cell-based nature of the CTM simulations
and the localized nature of in situ measurements, particularly
for pollutants such as PM2.5 and NO2. This is a recognized
challenge in air quality modeling. While CTMs provide
valuable insights into large-scale atmospheric processes, they
may not always capture the fine-scale variations in pollution
levels observed at specific locations. Given the grid-cell-based
nature of the CTM, the estimated pollutant levels represent
average values for the entire grid cell, presenting an intrinsic
limitation of the CTM. As a result, direct comparisons between
CTM predictions and in situ measurements are inherently
limited and may not accurately reflect localized pollution
levels. Nevertheless, as can be observed in Figure 7 and Figure
8, which display the test-set-average absolute estimation error
at all AQM sites across the country, our educated machine
models demonstrate significant improvements at the local scale
of the AQM sites compared to CHIMERE. Spatial error
reduction was consistently observed for both pollutants, as
evidenced by the predominantly blue-colored markers
(indicating lower error values) in the educated machine
models’ maps compared to CHIMERE’s markers.
To evaluate the models’ performance in predicting alarming

pollution levels, we analyzed the frequency of predictions
exceeding the Israeli annual standards within the test set. For
NO2, where the standard is set at 40 μg/m3, which is about
21.27 ppb at 25 °C and pressure of 1 atm, the percentages of
samples exceeding this threshold were 1.48%, 7.49%, 4.20%,
and 5.03% for CHIMERE, NN-, RF-, and XGB-based models,
respectively. For PM2.5, with a standard of 25 μg/m3, the
corresponding percentages were 1.10%, 17.12%, 9.98%, and
12.19% for the respective models. The higher percentages
achieved by the educated machine models are an expected
consequence of CHIMERE’s well-established systematic

Figure 4. Quantile Analysis of the PM2.5 mean estimation error for all AQM stations.
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underestimation bias, which is particularly pronounced for
PM2.5. These results are particularly significant given the Israeli
Ministry of Environmental Protection’s mandate to alert the
population about impending high-pollution events.
To comprehensively evaluate the predictive capabilities of

our educated machine models, dense pollution maps were
generated across the country for a randomly selected out-of-
sample date (August 21st, 2021), as illustrated in Figure 9 and
Figure 10. The maps display predicted NO2 concentrations for

14:00 and PM2.5 concentrations for 9:00, with values outside
the country’s borders set to zero, serving the objective of
providing the population with domestic pollution patterns and
values within national jurisdiction. The educated machine
models’ predictions were constructed by superimposing their
predicted CHIMERE errors onto CHIMERE’s base estima-
tions.
A notable observation is the distinct spatial patterns

exhibited by the different model architectures. For both

Figure 5. Distribution of all NO2 estimation errors in the test set.
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pollutants, the educated machine models extend the pollution
patterns produced by CHIMERE to further regions within the
country, where CHIMERE estimates zero levels of pollution.
The RF- and XGB-based models demonstrate noticeably
similar spatial patterns, consistent with their shared decision-
tree ensemble foundation. In contrast, the NN-based model
produces more distinctive patterns, particularly for PM2.5,
showing greater similarity to CHIMERE’s spatial patterns, but
with enhanced detail. The NN predictions are characterized by
smoother transitions between regions, whereas the RF-based
model, in particular, exhibits more erratic spatial variability.

All educated machine models consistently predict higher
pollutant concentrations compared to CHIMERE across the
domain, substantiating their ability to mitigate CHIMERE’s
documented systematic underestimation bias.
All in all, while CHIMERE relies on robust mathematical,

chemical, and physical frameworks, there are inherent
limitations in capturing the full complexity of atmospheric
phenomena. CTMs struggle with representing intricate and
synergistic processes in the atmosphere that are not yet fully
understood or easily modeled. Additionally, CHIMERE’s
performance is constrained by several factors, including
uncertainties in emission inventories, inaccuracies in meteoro-

Figure 6. Distribution of all PM2.5 estimation errors in the test set.
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logical inputs, and limitations in representing long-range
transport and subgrid processes. Further challenges arise
from computational limitations and assumptions made to
simplify these complex systems, such as numerical approx-
imations, which inevitably impair the accuracy of the
predictions. Representativeness issues with AQM site data

may also contribute to the discrepancies. These factors
collectively exacerbate CHIMERE’s limited performance.
Addressing these limitations requires integration of advanced
methodologies, such as AI techniques, to complement and
enhance the predictive capabilities of CTMs. Based on the

Figure 7. Average NO2 absolute estimation errors across the test set samples at all AQM sites.

Figure 8. Average PM2.5 absolute estimation errors across the test set samples at all AQM sites.
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results, the machine education approach has proved a strong
candidate for air pollution modeling.

4. CONCLUSIONS
The study introduces the educated machine approach, which
integrates a chemistry transport model with Machine and Deep
Learning (M&DL) algorithms, for generating dense air
pollution maps in Israel. Specifically, the educated machine
here consists of the CHIMERE chemistry transport model and

either Neural Networks, Random Forest, or XGBoost as the
M&DL component in the machine. This method improves
data efficiency and accuracy over CHIMERE alone. Neural
Networks performed best, with the greatest reductions in
estimation errors (MAE, RMSE) and the most plausible dense
air pollution maps generated. Using a three-year data set,
including meteorological geographical and topographical
variables, CHIMERE’s estimates, and AQM station measure-
ments, the models addressed biases and improved predictions,

Figure 9. Instantaneous dense NO2 pollution maps generated across the entire grid of Israel.

Figure 10. Instantaneous dense PM2.5 pollution maps across Israel.
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especially for high-pollution events. Overall, machine learning
significantly enhances pollutant estimation accuracy.
Our study presents and affirms the educated machine

approach potential, combining CTMs with machine and deep
learning methodologies, offering significant benefits to global
efforts to mitigate the impact of air pollution on human health
and mortality.
Finally, given the fundamental similarities in CTM frame-

works and their common challenges, the results achieved in
this study hold promise to yield comparable benefits across
different modeling systems across a diverse range of geo-
graphical regions. Nevertheless, their broader applicability
warrants further investigation. To establish the generalizability
of these techniques, further efforts should be invested in
exploring diverse geographic regions and assessing perform-
ance across various chemistry transport models and pollutants.
Additionally, the integration of low-cost sensors could extend
spatial coverage, enabling validation in unmonitored areas and
providing valuable data to further refine model predictions.
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