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Abstract: Air pollution is one of the major environmental problems, especially in industrial and 
highly populated areas. Remote sensing image is a rich source of information with many uses. This 
paper is focused on estimation of air pollutants using Landsat-5 TM and Landsat-8 OLI satellite 
images. Particulate Matter with particle size less than 10 microns (PM10) is estimated for the study 
area of Principado de Asturias (Spain). When a satellite records the radiance of the surface received 
at sensor, does not represent the true radiance of the surface. A noise caused by Aerosol and 
Particulate Matters attenuate that radiance. In many applications of remote sensing, that noise called 
path radiance is removed during pre-processing. Instead, path radiance was used to estimate the 
PM10 concentration in the air. A relationship between the path radiance and PM10 measurements 
from ground stations has been established using Random Forest (RF) algorithm and a PM10 map 
was generated for the study area. The results show that PM10 estimation through satellite image is 
an efficient technique and it is suitable for local and regional studies. 
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1. Introduction 

Atmospheric pollution is one of the major problems in modern society, especially in industrial 
and highly populated areas. Many studies show the link between air pollution and damage to human, 
animal, crops and water bodies [1,2]. For this reason, air quality analysis becomes highly important, 
especially for governments in order to use these data to design actions that reduce pollution in the 
air of urban areas. 

When air quality studies are realized, one of the most use indicators are PM10 concentration 
[3,4]. Particulate Matter 10 (PM10) are particles with seize less than 10 microns. The ambient 
concentration of PM10 is measured through ground air quality stations that are located in strategic 
points. Regional administrations place these stations allowing continuous monitoring and PM10 data 
are collected into the European Environment Agency database. There are no spatially continuous 
data for PM10 measurements. For this reason, remote sensing can be used to estimate the 
concentration of PM10 in order to obtain spatially continuous data. 

The main objective of this study is to design and validate a predictive algorithm for mapping 
PM10 concentration using a database of Landsat satellite images. This investigation is unique and 
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differs from previous studies [5–7] in term of high data resolution. In situ measurements provided 
by ground quality stations have been required for algorithm validation. PM10 data have been 
collected simultaneously while the satellite Landsat overpass the study area. 

2. Methodology 

2.1. Study Area 

The validation study was carried out in Principado de Asturias (Spain). Asturias has 
traditionally been a highly industrialized region, especially in the surroundings of the cities like Gijón 
and Avilés where the main steel and chemical industries are located. The monitoring of pollutants is 
primarily required to control that industrial emissions are within the limits set by environmental 
regulations. The traditional method of its measurement is by using ground stations, therefore data 
may be collected only for selected locations and it is not possible to obtain spatially continuous PM10 
data. 

2.2. Data Adquisition 

The spectral data used for the study were obtained from Landsat-5 TM and Landsat-8 OLI 
satellite images between 2001 to 2017 (path 203, row 30). The spatial resolution of Landsat is 30 m for 
reflective bands, which is more accurate compared to other satellites like MODIS. Table 1 shows the 
equivalence between Landsat-5 TM and Landsat-8 OLI bands that have been used. The temporal 
resolution of Landsat is also reasonable. For this study, 38 scenes with no cloud cover were 
downloaded through USGS ESPA [8] on demand interface. These files are higher-level products that 
include top of atmosphere reflectance and surface reflectance which are atmospherically corrected 
using 6S method. Ground measurements of PM10 were downloaded through the European 
Environment Agency database for 23 selected stations that are located in Asturias. 

Table 1. Equivalence between Landsat-5 TM and Landsat-8 OLI bands. Only the bands that have been 
used in the study are shown. 

LANDSAT-5 TM LANDSAT-8 OLI 
Band 

(Description) 
Wavelength 

(Micrometers) 
Resolution 

(Meters) 
Band 

(Description) 
Wavelength 

(Micrometers) 
Resolution 

(Meters) 
1 (Blue) 0.45–0.52 30 2 (Blue) 0.45-0.51 30 
2 (Green 0.52–0.60 30 3 (Green 0.53-0.59 30 
3 (Red) 0.53–0.60 30 4 (Red) 0.64-0.67 30 

4 (Near infrared) 0.76–0.90 30 5 (Near infrared) 0.85-1.88 30 
5 (SWIR1 1) 1.55–1.75 30 6 (SWIR 1 1) 1.57-1.65 30 
7 (SWIR1 2) 2.08–2.35 30 7 (SWIR 1 2) 2.11-2.29 30 

1 Short Wave InfraRed. 

2.3. Data Processing 

The atmospheric path radiance is the result of backscattering to space by particles and molecules 
in the atmosphere [9]. When a satellite records the radiance of the surface received at sensor, does not 
represent the true radiance of the surface. Aerosol and Particulate Matters attenuate that radiance. 
To obtain the true radiance, the recorded values need to be corrected using the sensor calibration [10] 
values and then remove the noise added due to the atmospheric scattering. 

In many applications of remote sensing, this noise called path radiance is removed from the 
image during pre-processing, so value they use is target radiance from Figure 1. Instead, this noise 
was used to estimate the PM10 concentration in the air. After processing remote sensing data, 
atmospheric path radiance was calculated for selected stations. A relationship between the path 
radiance and the ground station PM10 values has been established using Random Forest (RF) 
algorithm. 
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Figure 1. Scheme of how satellite sensor captures surface radiance. The difference between the target 
radiance and path radiance is also shown. 

Random Forest [11] is a broadly used classification and regression non-parametric approach that 
consists in building an ensemble of decision trees. Bagging allows to estimate for the samples not 
included in the training subset, creating different subsets and fitting a tree for each one. The 
randomized sampling leads to increased stability and better accuracy compared to a single decision 
tree approach [12]. The final estimate in regression for each sample is obtained as a weighted mean 
of the estimates of a large number of individual trees [9]. Additionally, number of input data and 
multicollinearity of the data are relatively insensitive in a non-parametric approach [13]. 

Figure 2 shows a scheme of the methodology used in this study. 

 
(a) (b) (c) (d) 

Figure 2. Steps to estimate PM10 from Landsat: (a) Data acquisition from Landsat and ground 
measurements; (b) Processing to obtain path radiance; (c) Using Random Forest (RF) algorithm; (d) 
Obtain spatially continuous PM10 mapping. 

3. Results and Discussion 

In this study, the Random Forest package [14] implemented in the R software [15] was used to 
fit the RF models by setting the number of trees to 500 and the number of features selected in each 
split to the square root of the total number of features. 

The results were significant. Two goodness-of fit statistics were used for evaluating model 
performance: the relative value of the root mean squared error (rRMSE) was 25.29% and the Pseudo 
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R2 was 0.94. Finally, the adjusted model was applied for mapping PM10 in the study area using R 
software [14]. 

The advantage of this methodology is that it can be used in any global location. It is also possible 
to use data from other satellites such as Sentinel or to increase the ground data with point 
measurements. Another work line is to use this method as a first step in a detailed simulation. Using 
PM10 concentration hotspots obtained by satellite images like input area in another pollution 
simulator software such as Aermod, Calpuff or Computer Fluid Dynamics (CFD). Currently, our 
studies are using this framework. 
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