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Geostatistical methods comparison: an application on the concentration
of PM2.5 in Lombardy
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Abstract. Livestock and fertilisers are widely acknowledged to be responsible for approximately 95%
of all ammonia emissions, which undergo chemical reactions in the atmosphere to form fine partic-
ulate matter, or PM2.5. The Lombardy region is characterised by high concentrations of PM2.5 and
a high livestock density. The main objective of our study is to identify which model better explains
the PM2.5 concentration in the Lombardy region at the local level. To achieve our objectives, we will
utilise multiple modelling strategies, including a Hidden Dynamic Geostatistical Model (HDGM), a
Generalized Additive Mixed Model (GAMM), and a Random Forest model with kriging applied to the
residual term (RFRK). Furthermore, a comparison between each model will be performed to improve
the interpretation of the models and a cross-validation scheme will be used to compare the prediction
performance of the three different models.

Keywords. Methods comparison; Geostatistical models; Machine learning interpretation; Air quality
modelling

1 Introduction

In the Lombardy region, livestock and fertilisers are responsible for up to 95% of all ammonia emissions
[1], which undergo chemical reactions in the atmosphere to form fine particulate matter, or PM2.5. Due
to its stability in the air and limited circulation in the Po Valley, PM2.5 often accumulates at high con-
centrations and adversely affects air quality. This occurs especially during the cold months when the low
altitude of the mixing boundary layer combines with high levels of emissions from endothermic-powered
vehicles and domestic heating systems. As a result of this high level of pollution, Lombardy has been
found to have one of the highest PM2.5-related mortality rates among all regions of Europe, with 100-150
premature deaths per 100.000 inhabitants, according to epidemiological studies [5]. The main objective
of our study will be to understand which model better explains the PM2.5 behaviour in the Lombardy
region at the local level. Lombardy is located in the centre of the Po Valley and shares borders with three
other large areas, namely Veneto (East), Piedmont (West) and Emilia-Romagna (South). All four areas
are characterised by similar production systems, based on industry and agricultural activities, and share
the same climatic conditions. As discussed by [10] and [9], PM2.5 concentrations respond non-linearly
to changes in ammonia and nitrate emissions reductions across the year and with respect to different
chemical regimes. The impact of ammonia on the formation of secondary PM is highly dependent on
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environmental conditions. While it may not be a significant precursor in some contexts, even a small
amount of ammonia can produce a substantial amount of secondary PM in other situations. To handle
the non-linear behaviour of the particulate matter and take into account the spatiotemporal correlation we
consider different types of models starting from a geostatistical method approach to a machine learning
algorithm, passing through a semiparametric model. In particular, to achieve our objectives, we will
utilise multiple modelling strategies, including the Hidden Dynamic Geostatistical Model (HDGM) [3],
a Generalized Additive Mixed Model (GAMM) [11], and the Random Forest SpatioTemporal Kriging
(RFSTK)[2]. The models will be subsequently compared both in their interpretation of regressors and
their predictive ability, the latter measured through a Leave-One-Station-Out (LOSO) cross-validation
scheme.

2 Dataset

For this work, we use the Agrimonia dataset [6, 7], a comprehensive daily dataset containing air pol-
lutants concentrations [µg/m3], livestock densities [number/km2], weather conditions, emissions fluxes
and land use characterisation. The Agrimonia dataset is related to the Lombardy region and its surround-
ing area, calculated as a buffer around administrative boundaries of 0.3 earth degree. The time period
covered by the dataset spans from 2016 to 2021, inclusive. The localisations of the data are referred to
the localisations of the stations belonging to the air quality monitoring network. In particular, air quality
(AQ) data are sampled at 141 ground-level monitoring stations, irregularly located over the augmented
Lombardy region. The dataset contains the daily concentrations of the following air pollutants: PM10 and
PM2.5, NOx, NO2, SO2 and NH3. Table 1 summarises the variables included in the Agrimonia dataset
helpful to model the PM2.5 in Lombardy. After removing some PM2.5 stations due to lack of data, the
resulting network includes 49 PM2.5 stations.

Dimension Variable
Air quality (AQ) PM2.5(49 stations)

Weather (WE)
Temperature, Precipitation, Wind speed, Relative humidity, Boundary layer
height, Surface pressure

Emission (EM)
NH3 from livestock manure management, NH3 from agriculture soil, NH3
from agriculture waste burning, Total NOx, Total SO2

Livestock (LI) Density of pigs, Density of bovines
Land (LA) Land use, High vegetation index, Low vegetation index

Table 1: Variables retrieved from Agrimonia dataset useful for modelling air quality in the Lombardy
region.

3 Preliminary Analysis

In this study, we want to compare different spatiotemporal models on the PM2.5 assessment in the Lom-
bardy region. The use of spatiotemporal models is justified by the spatiotemporal variogram [4] shown in
Figure 1 which highlights the spatiotemporal correlation structure among PM2.5 concentrations. Indeed,
moving away in space and time, the observed variance increases according to the distance. The spatial
correlation seems to stabilise at ∼ 75[km] while the temporal correlation at around 7 days. The temporal
correlation is further investigated through the Partial Auto-Correlation Function (PACF) calculated for

GRASPA 2023 Workshop 2



3 PRELIMINARY ANALYSIS

Space distance (km)

T
im

e 
di

st
an

ce
 (

da
ys

)

1

2

3

4

5

6

7

8

9

0 20 40 60 80

50

100

150

200

Figure 1: Spatiotemporal variogram [4] computed on PM2.5 daily observations at 49 stations from 2016
to 2021. The colour bar represents the sample variance of observations within a certain distance range in
space and time.

each station for the first 60 lags (days) and summarised through box plots displayed in Figure 2. The
most significant auto-correlated component is lag-1 (1 day). As a result, it is appropriate to use a model
with first-order Markovian dynamics. Additionally, the PACF shows that PM2.5 is relatively stable in the
atmosphere, and the lag-1 is approximately 0.8 for all stations, which indicates that changes in concen-
tration occur smoothly over time. It is worth noting that, in presence of these high levels of correlation
both in space and time, a geostatistical model with random effects (as the HDGM) can explain most of
the variability even without any regressor. This fact could be problematic for modelling and therefore a
challenge is to identify which regressors explain a large amount of the variability of the response variable.
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Figure 2: Partial Auto-Correlation Function (PACF) calculated by stations for the first 60 lags (days) and
summarised through box plots. The i-th box plot summarises the partial autocorrelation calculated for
each station at i-th lag. The lag-1 autocorrelation is approximately 0.8 for all stations, which indicates
that changes in concentration occur smoothly over time.
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Livestock density data are considered a proxy for emissions from the agricultural sector. However,
the air quality monitoring network is not specifically designed to monitor emissions from livestock and
therefore many of the monitoring stations are located in areas without any pigs, as shown in Figure 3.
So, it will be difficult to estimate the livestock density impact on the PM2.5. However, areas presenting
high levels of livestock densities are characterised by low levels of air quality (as Cremona and Brescia
provinces), highlighting the need for knowledge about the impact of the agricultural sector on air quality.

Figure 3: Swine (a) and bovines (b) density over the augmented Lombardy region on 31 December
2021. The AQ stations (cyan circle) are spread randomly over the studied area. The continuous blue line
represents the boundary of Lombardy while the dotted blue line represents the Lombardy provinces.

4 Methods

To better understand the relationship between predictor variables and particulate matter, we will consider
these types of models: a geostatistical approach, a semiparametric model and a machine learning tech-
nique. An important task will be to compare models with each other to understand which model better
fits in Lombardy. To achieve our objectives, we will use multiple modelling strategies, including the
Hidden Dynamic Geostatistical Model (HDGM) [3], the Generalized Additive Mixed Model (GAMM)
[11], and the Random Forest [2] with SpatioTemporal Kriging (RFSTK) [4].

General framework
From a theoretical perspective, consider the PM2.5 concentrations as a spatiotemporal stochastic pro-
cess {Z(s, t) : s ∈ D, t = 1,2, ...,T }, where D is the spatial domain that contains a set of locations
{si : i = 1, ...,n} (ground-level measurement stations) and the temporal domain is t = 1, ...,T (daily).
Furthermore, we assume that Z(s, t) may be influenced by external variables. So we can express the
generic spatiotemporal process as:

Z(s, t) = S(s, t)+U(s, t)+ ε(s, t), (1)

where S(s, t) are the large-scale components, U(s, t) are small-scale spatiotemporal effects, and ε(s, t) is
the measurement error which is assumed to be a white noise process.

Model description
HDGM is a hierarchical geostatistical model [4] and its usage is demonstrated in the framework
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of multivariate air quality modelling [3]. The large-scale consists of linear regression and the small-
scale handles the spatiotemporal correlation through a latent random variable with Markovian temporal
dynamics and spatial exponential correlation function. The parameters are estimated by the maximum-
likelihood (MLE) method using the EM algorithm.

GAMM extends the HDGM by adding smoothing terms on numeric regressors, allowing for non-
linear relationships, thus the large scale is a normal GAM. The spatial correlation is modelled within
the large scale by adding a smoothing term on the sites coordinates, using a Gaussian process, based on
an exponential correlation function. The small scale specifies only the temporal correlation structure,
imposing an auto-regressive process of order one.

RFSTK is the combination of a random forest algorithm [2] and spatiotemporal kriging [4]. More
precisely, the large-scale effects are obtained by averaging across the estimates of regression trees and
the small-scale is treated as a zero-mean Gaussian process with the covariance matrix modelled through
a separable space-time exponential correlation function.

The benefit of the geostatistical model vs machine learning:
The geostatistical model is able to estimate the coefficients of the regressor term enabling the inference
of the parameters. In this way, it’s possible to understand if a covariate is helpful to explain the response
variable. In particular, the HDGM and GAMM use the MLE approach to estimate the model parame-
ters and it is possible to compute the associated uncertainty. The GAMM model is more flexible than
HDGM, allowing for non-linear regressive effects, estimated as the predictors’ smooth functions. The
Random Forest (RF) model is a well-known solution to handle the non-linear relationship allowing both
non-linear and full interaction regressive terms. However, machine learning techniques are usually re-
ferred to as “black-box” because of their lack of interpretability. Furthermore, several approaches have
been proposed in the literature to investigate the variable importance, the regression function and the
uncertainty associated with the prediction. However, when the number of predictors and the number of
tuning hyperparameters (i.e. number of trees, number of random variables chosen for the split, number
of observations within final leaves) increase, the computation burden becomes unfeasible.

How to compare the models:
The three different models are comparable in some commonalities but are not entirely comparable due
to different definitions. To compare the magnitude of the regressors among models, we compare the
estimated coefficients of fixed effects in the HDGM and GAMM to the Variable Importance Factor (VIF)
[2] computed within the RF. The VIF is based on the Mean Decrease Accuracy (MDA) algorithm ranking
the regressors according to the prediction performance changes after the permutation of the regressor
selected. On the other hand, to identify the relationship between the target variable and the regressors,
we compare the slope of HDGM fixed effects to the spline of GAMM and the Partial Dependence Plot
(PDP) [8] within RF. In particular, the PDP tries to simulate the relationships between predictor variables
and predicted responses in the trained dataset. The PDP of predicted responses is computed on a subset
of predictor variables Xs by marginalising the other variables Xc (complementary set). Assuming that
each observation is equally likely, and the dependence between Xs and Xc and the interactions of Xc and
Xs in responses is not strong, the partial dependence can be approximated by using observed predictor
data as follows:

f s(X s) =
1
N

N

∑
i=1

f (X s,Xc
i ) (2)
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where N is the number of observations and Xi = (X s
i ,X

c
i ) is the i-th observation.

Then, we will perform residual diagnostic checking which model best removes the spatial and tem-
poral correlation. In the end, for the assessment of prediction performance, we will use the Leave-
One-Station-Out Cross-Validation (LOSO-CV) scheme with a focus on the behaviour of test error and
checking for overfitting issues.

5 Further Developments

Using the approaches explained before, we will compare the three different models. Finally, the model
selected will be used for scenario analysis, and to estimate the expected effect on PM concentrations
under the assumption of a reduction in emissions from agriculture. In particular, the five Shared So-
cioeconomic Pathways (SSPs), used by the Intergovernmental Panel for Climate Change (IPCC) will be
considered along with the Regional Plan of Air Quality Interventions (PRIA). Moreover, cases of effi-
cient manure management, precision agriculture, and a transition to organic farming techniques agreed
upon with the stakeholders will be developed.
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