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quality assessment 

 
Muhammad Haroon Shaukat a, Francesco Finazzi b 

a Department of Engineering and Applied Sciences, University of Bergamo, Italy. 
b Department of Economic Sciences, University of Bergamo, Italy. 

1. Introduction  

Population growth and urbanization have led to widespread pollution from industry, waste, 
heating, and traffic, causing cardiovascular and respiratory diseases (Yurtseven et al., 2018). To 
address this, personal exposure must be assessed by combining environmental data with 
individual mobility tracking. High-resolution location data improves exposure accuracy, linking 
pollution to health impacts more effectively (Finazzi and Paci, 2019). 

Air quality is particularly crucial in cities like Istanbul, which has the highest population 
and busiest traffic in Turkey. Over the last five decades, the population of Istanbul has expanded 
sixfold, transforming it into a major metropolis both regionally and globally. Ministry of 
Environment and Urban Development of Turkey highlighted that gas emissions in the city 
exceed recommended levels. The primary contributors to this pollution are vehicular traffic and 
industrial activities. Additionally, Istanbul's location, which connects continents, results in 
heavy maritime traffic, further exacerbating emission levels (Bucak et al., 2021). Interestingly, 
restrictions on human mobility during the COVID-19 pandemic not only helped reduce the 
virus's spread but also improved air quality by curbing industrial production, transportation, 
and traffic (Zhu et al., 2020). This study examines the link between human mobility and air 
quality, focusing on the mediating role of individual movement patterns.  

2. Data 

This study analyses particulate matter with a diameter of 10 micrometers 10PM  data 
obtained from an open-access platform1, and the dataset covers measurements from thirteen air 
quality monitoring stations across Istanbul, including locations such as Aksaray, Besiktas, 
Esenyurt, Kadikoy, Kartal, Esenler, Sariyer, Sultangazi, Sile, Silivri, Umraniye, Uskudar, and 
Basaksehir. The data spans from March 1, 2023, to April 30, 2023, consisting of daily 
observations, recorded in micrograms per cubic meter. Secondly, the ERA5-Land dataset, with 
a 9x9 km latitude-longitude grid, was used due to its accurate representation of historical 
climate conditions. This study uses four climate variables covering the area around Istanbul's 
air quality monitoring stations, aligned with the air quality data, obtained from the Copernicus 
Climate Change Service2. Additionally, the individual smartphone mobility dataset of 443,786 
users is considered, covering the same time period as previously mentioned, and was obtained 
from the Earthquake Network Project (www.sismo.app). This project operates a global 
earthquake early warning system using networks of smartphones (Finazzi, 2016). 

3. Methodology 

3.1 Fixed rank kriging  

 
1 https://aqicn.org/historical/#city:turkey/istanbul 
2 https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=overview 

Measuring and Interpreting World Changes with Statistics, Data Science and AI, 
Supplement to Volume 37/2
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Fixed rank kriging (FRK) is a scalable spatio-temporal modeling and prediction framework 
that deals with large datasets and can easily handle data with varying spatial supports. FRK 
relies on a spatial random effects (SRE) model, where a spatially correlated mean-zero random 
process is decomposed into a linear combination of spatial basis functions with random 
coefficients, along with an additional term to capture the fine-scale variation of the random 
process. Let { }( ) :Y s s D∈  denote the spatial process, where s  indexes represent the location 
within the spatial domain D . According to Zammit-Mangion and Cressie (2017), the classical 
spatial statistical model is as follows, 

      ( ) ( ) ( ) ( ),TY s t s s sα υ ξ= + +     s D∈     (1) 

where s  belongs to the spatial domain, ( )t s  represents the spatially referenced covariates, α  
is associated regression coefficients with covariates, ( )sυ  indicates the small-scale, spatially 
correlated random effect, and ( )sξ  is a fine-scale almost spatially uncorrelated random effect. 
The latent process’ structure can be described in terms of a linear combination of a fixed number 
of spatial basis functions which constitutes the SRE model as follows: 

       
1

( ) ( ) ( ),
r

l l
l

s s sλ φ η ξ
=

= +∑       s D∈     (2) 

where 1( ,..., )rη η η=  is an r-variate random vector, and 1(.) ( (.),..., (.))rφ φ φ= indicating the r-
dimensional vector of pre-specified spatial basis functions (SBF). Further, the comprehensive 
information on spatial domain discretization into basic areal units (BAUs), parameter 
estimation, and the observational equation can be found in Zammit-Mangion and Cressie, 
(2017). 

3.2 Performance measurement 
A common approach for validating the accuracy of spatial-temporal models is to use the 

leave one out cross validation (LOOCV) approach. This method involves sequentially omitting 
data from one location (typically a station) at a time and estimating the value at that omitted 
location using the remaining data. According to Robinson and Metternicht (2006), the root 
mean square error (RMSE) is as follows:   

       

2
, ,

1

ˆ[ ( ) ( )]
,

M

i i i i
i

Y s t Y s t
RMSE

M
=

−
=
∑

     (3) 

where ( ; 1,..., )M i M=  indicating the total number of observations, ( , )i iY s t  are the actual 

space-time points, and ˆ( , )i iY s t  are the predicted space-time points.  

4. Results and discussion 
In the FRK setting, the first step is to create the BAUs N  which can be either equally sized 

grids or hexagons. BAUs partition the spatial domain into discrete regions, allowing the fine-
scale variation of latent processes to be modelled effectively. This approach allows to one use 
internal covariates or external. Therefore, the external covariates are assumed to be associated 
with each BAU, and the fine-scale variability can be incorporated in the form of weighted 
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considering the variability of spatial latent processes. As far as the weights need to be equal to 
the number of BAUs. 

The dimensions of the BAUs are considered to be 7x7 km, and therefore 124 BAUs are 
created per day. Consequently, over 61 days, a total of 7564 BAUs were obtained. The next 
step involves integrating ERA5-Land variables, available at a 9x9 km resolution, with the 
BAUs at a 7x7 km resolution, and this integration was achieved using a K-Nearest Neighbors 
(KNN) interpolation approach combined with inverse distance weighting (IDW). Additionally, 
BAUs are temporally replicated for each unique day to enable temporal interpolation. With 124 
BAUs per day over 61 days, this results in a total of 7564 BAUs. For each day, ERA5-Land 
variables are interpolated for each BAU using IDW, where closer neighbors exert more 
influence on the interpolated values. This method ensures that both spatial and temporal 
correlations are effectively captured in the interpolation process. To include individual human 
mobility patterns as a covariate in the FRK model, a threshold of 3.5 km was applied. Since the 
BAUs have a uniform resolution of 7x7 km, any time a smartphone user passed within a 3.5 
km radius of a BAU, it was considered that the user was present or had passed through that area 
on a specific date. This presence was marked with a "1" (indicating presence), while all other 
locations where the user neither passed through nor stayed within the 3.5 km radius of BAU 
were marked with a "0" (indicating absence). If a smartphone user passed through or stayed 
within the specified 3.5 km radius at the same location multiple times in a day, their presence 
was recorded cumulatively for that location and date. This process was repeated for each date 
to track the presence and absence of smartphone users across the spatial area and this covariate 
is reflected in the study as the presence of smartphone users. 

It is important to describe that this study uses the three different types of basis functions 
such as bisquare, exponential, and Matern32, and for different combinations of basis function 
models, the centers of the temporal basis functions (TBFs) are set regularly using a sufficiently 
large-scale parameter (𝜎𝜎𝜎𝜎 = 2) days and resulting 30 TBFs. For spatial basis functions (SBFs), 
two resolutions were considered with fixed scale parameters: a radius of 25 km for the first 
resolution and a radius of 15 km for the second resolution. SBFs are irregularly distributed 
across the entire geographical area of Istanbul, Turkey, covering the entire spatial domain of 
interest. As a result, 37 SBFs were created, with 4 corresponding to the first resolution and 33 
to the second resolution. The use of two levels of spatial resolution in the basis functions can 
enhance the capability to model spatial correlations. Generally, a smaller resolution can capture 
local correlations, while a larger resolution can model more general correlations. 

Afterward, both basis functions were combined for the spatial-temporal setting. This was 
achieved using the tensor product, resulting in 1110 combined spatial-temporal basis functions 
r  obtained. Now, there are 5551 observations represented by footprints m  with each footprint 
associated with a specific measurement error 2

εσ . Nevertheless, the uncertainty for each 
measurement is assumed to be uniform across all footprints, set at a value of one, ensuring 
consistency throughout the spatial domain. Further, the expected maximization (EM) algorithm 
is employed with 30 iterations with a tolerance of 0.1 to estimate parameters. These settings are 
generally applied to fit all seven FRK models, each involving different combinations of basis 
functions. To ensure the validity of all seven models, the study employs the LOOCV criteria 
and then root mean square error (RMSE) was computed between the actual and predicted 
observations for each station and also computed average RMSE for all models. Further detail 
is described in Table 1.  

From Table 1, it can be observed that the average RMSE shows small differences across 
all models, but the FRK model with Bisquare spatial and temporal basis function demonstrated 
the highest accuracy as compared to other combinations of models. Ultimately, this model was 
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chosen to be applied across the entire dataset for predicting 10PM  concentrations at unobserved 
locations in Istanbul, Turkey. The remaining steps of the model development followed the 
previously described procedure. The estimated intercept value is 30.51 3/g mµ . Since the 
covariates are externally linked to the BAUs, the FRK model does not provide parameter 
estimates for the covariates. 

     Table 1: Comparison of FRK models by LOOCV w.r.t to spatial-temporal basis 
function 

Model M1 M2 M3 M4 M5 M6 

Spatial and 
Temporal 

Basis 
Function 

Bisquare 
Spatial 

and 
Bisquare 
Temporal 

Basis 
Functions 

Bisquare 
Spatial and 
Exponential 
Temporal 

Basis 
Function 

Bisquare 
Spatial 

and 
Matern32 
Temporal 

Basis 
Function 

Exponential 
Spatial and 
Matern32 
Temporal 

Basis 
Function 

Matern32 
Spatial 

and 
Matern32 
Temporal 

Basis 
Function 

Matern32 
Spatial and 
Exponential 
Temporal 

Basis 
Function 

 
LOOCV RMSE RMSE RMSE RMSE RMSE RMSE  

Aksaray 12.1065 12.2447 11.9755 12.3789 12.3344 12.5441  

Umraniye 9.3920 9.7646 9.7105 9.0167 9.2403 9.3756  

Basiktas 13.2308 13.3406 13.3271 14.8686 14.7408 14.2934  

Esenler 10.5712 10.2615 10.5730 9.7162 9.7065 9.7316  

Esenyurt 18.4579 18.7876 18.9342 20.5982 20.0287 19.4824  

Kartal 10.7937 10.9611 10.7347 10.4567 10.4169 10.8187  

Kodikoy 13.2275 13.0958 13.3579 11.8482 11.9578 12.2006  

Saryeri 18.4394 19.1571 19.9308 18.9089 19.6090 18.7359  

Sile 17.0695 15.9573 15.5948 15.3947 15.3134 15.6900  

Silivri 11.4963 12.0427 13.1218 9.9174 11.3160 10.9611  

Sirinevler 8.4078 8.4574 9.0209 8.4999 8.6039 7.8630  

Sultangazi 17.0238 17.2307 17.6058 18.9261 18.9885 18.4150  

Basakeshir 17.8019 18.2404 18.5482 18.5216 19.0364 18.5397  

Average 13.6937 13.8109 14.0335 13.7732 13.9456 13.7424  

 

Nine random days were chosen from between two-month study period, as illustrated in 
Figure 1. Generally, the 10PM concentrations are stable, but on March 20, 2023, several areas 
experienced significantly higher levels. These included regions north of Aksaray and Esenler, 
as well as Basaksehir, Sultangazi, and Sariyer. Similarly, elevated levels were observed near the 
Umraniye and Kartal air quality monitoring stations in the southeast. The noticeable 
concentrations were also recorded between Sile and Esenyurt. On March 25, 2023, similar 
concentration patterns were observed in the same areas mentioned earlier, but the levels were 
lower than those recorded on March 20, 2023.  

On the remaining days, there were no noticeable fluctuations in 10PM concentration, 
though small increases were observed in the previously mentioned areas. A clear connection 
between the presence of smartphone users and 10PM concentration was not observed, even 
when applying the same model fitting procedure without considering the covariate as the 
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presence of smartphone users. There are several possible reasons for this. First, the two-month 
study period may be too short for spatial-temporal modeling, as it limits the capture of long-
term trends and seasonal patterns. Second, this study relied on smartphone data from 443,786 
users, which includes a low sampling rate as coordinates are recorded at irregular timestamps, 
and approximately 0.44 million is a small sample size relative to the broader population of 
Istanbul. To investigate the general relationship, the correlation between the total presence of 
smartphone users and 10PM  concentration is computed as shown in Figure 2.  

                   

 

Figure 1: Prediction of average 10PM  for randomly selected days 

                                         

 

Figure 2: Scatter plot of total presence of smartphone users and 10PM concentration 
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From Figure 2, all air quality monitoring stations are located in the central area of Istanbul. It 
is observed that there is an overall very low correlation between the total presence of 
smartphone users and 10PM  concentrations of all air quality stations. The correlation is 
0.23,0.28, 0.15, 0.07, 0.26, and 0.12 for air quality stations such as Aksaray, Esenler, Kodikoy, 
Saryeri, Srinelver, and Sultangazi respectively. Overall, it is concluded that there is no 
correlation found between the 10PM  concentrations and the total presence of smartphone 
users. It can be noticed that the total presence of smartphone users ranges from 0.2 million to 
about 0.36 million, showing daily variations in their presence across Istanbul. This variation 
could be due to factors like breaking in trajectory recording or smartphone users being 
temporarily outside the city. Future research would focus on the improvement of this FRK 
model by using longer-term historical air quality data and detailed individual mobility 
patterns with higher sampling rates. This approach would provide a clearer understanding of 
the relationship between air quality and human mobility. All statistical analysis was completed 
by using the R (version 4.3.2).  
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