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ABSTRACT
In this work ozone observations of an urban area of the east coast of the Iberian Peninsula, are analyzed. 
The data set contains measurements from five automatic air pollution monitoring stations (background 
suburban or traffic urban). The application of multiple linear regression and neural networks models 
is considered. These models forecast hourly ozone levels for short-term prediction intervals (1, 8, and 
24 h in advance). The study period is 2010–2012. The input variables are meteorological observations, 
ozone and nitrogen oxides concentrations, and daily and weekly seasonal cycles. The performance cri-
teria to evaluate the computations accuracy are the residual mean square error, the mean absolute error, 
and the correlation coefficient between observations and predictions. These criteria have better results 
for the 1-h and 24-h predictions in all the locations. The comparison of multiple linear regressions and 
multilayer perceptron networks indicates that the second approach allows to obtain more accurate fore-
cast for the three prediction intervals.
Keywords: multilayer perceptron networks, multiple linear regression, ozone, urban air quality.

1  INTRODUCTION
The present study analyzes historical ozone (O3) observations, with the aim of comparing 
models to predict in advance this pollutant’s levels. Tropospheric O3 is a secondary contami-
nant produced by the interaction of meteorological conditions, nitrogen oxides (NOx) and 
volatile organic compounds. Its atmospheric dynamics is related to photochemical smog, 
acid rain, and climate change [1]. Information and alert hourly thresholds for O3 have been 
established by the European Union Directive [2]. This directive gives monitoring and public 
information guidelines for air quality management systems. It also indicates objective values 
for the protection of vegetation and human health. Legislation on air quality improvement in 
Spain can be found in [3]. O3 adverse effects on human beings have been reported by [4, 5]. 
Its strong oxidant properties, and interaction with other atmospheric pollutants and co-factors, 
affect the respiratory tract structure and function, especially amongst sensitive risk groups 
(children, elderly people, and individuals with respiratory illnesses).

The legislation implies mandatory public warning in case of thresholds exceedance. This 
has lead to a demand increase of short-term forecasting methods. Urban air quality managers 
have to monitor pollutants, predict their critical levels, communicate risk situations to public 
and authorities, and evaluate emission reduction strategies [6]. The application of statistical 
methods to analyze pollutants temporal variations has been largely considered. Raheem et al. 
[7] used a combination of multivariate statistical tools, to evaluate seasonal influences on O3 
concentrations in two Nigerian cities, and O3 links with meteorological parameters and 
anthropogenic activities.
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According to Ripley [8]: ‘ …Increasingly neural networks are being proposed to compute 
standard statistical procedures’, and ‘In one sense neural networks are little more than non-
linear regression and allied optimization methods’. Gardner and Dorling [9] reviewed 
artificial neural networks applications (in particular the multilayer perceptron MLP approach) 
in the atmospheric sciences. They commented that if the relationship between input and out-
put ‘is non-linear then linear regression is clearly and inappropriate tool, although it may be 
possible to apply linear regression on a more local basis where the non-linearity can be dis-
missed’. Gardner [10] described the MLP method: ‘All forms of linear regression, with and 
without data transformations and including arbitrary interactions between variables, can be 
considered as special cases of MLP neural networks’, and ‘As the temporal resolution 
increases from the daily to hourly timescale, non-linearities and more complex interactions 
are required in the models’. These non-linearities have not been completely ‘appreciated’, 
although they have been ‘recognized’.

Elkamel et al. [11] studied a neural network approach to measure and predict O3 levels 
around a heavily industrialized area of Kuwait. The neural network method gave superior 
predictions when compared with linear and non-linear regression models. Agirre-Basurko 
et al. [12] developed a MLR model and two multilayer perceptron (MLP) networks for O3 
forecasting, with several time intervals in the Bilbao urban area (Spain). They concluded that 
MLP had improved performance over MLR models.

The aim of this work is to compare the performance of MLR and MLP models, to predict 
hourly O3 levels for short-term intervals (1 h, 8 h, and 24 h). The study area is in Valencia 
(Eastern coast of Spain). A background suburban and traffic urban monitoring stations are 
considered. The R [13], Statgraphics, and MATLAB (Neural Network Toolbox) programs are 
used. Previous work with data from a town close to this city [14], focused on the input vari-
ables to predict O3 with MLP models. They studied different time windows and obtained 
daily predictions with accuracy and robustness. Castell-Balaguer et al. [15] applied descrip-
tive methods to analyze the seasonal variations of O3 in the Turia river basin, including two 
of these urban sites. They concluded that the average daily and monthly dynamics had 
summer/winter differences, depending on the location.

2  STUDY AREA AND DATA SET
Five monitoring stations are considered. They are located in the urban area of Valencia 
(Spain). Table 1 gives the characteristics of these sites. The Mediterranean Centre for 
Environmental Studies Foundation applied quality control methods to the data set used in this 
work [16]. The report [17] assessed air pollution health impacts in Valencia. In their study 
period, air pollutants emissions were a consequence of motor vehicles. Their results showed 
that an increase of 1.3% in the daily deaths number, was associated with a 10% increase in 
O3 concentration. This percentage was also linked to a 1.1% increase in circulatory diseases 
admissions, and a 6.1% of EPOC and 6.3% asthma emergencies.

The air quality data used in the analysis are hourly average O3 and NOx concentrations. 
The study period is 2010–2012. Information and alert hourly thresholds for O3, are 180 and 
240 μgr/m3. These limits, established for the protection of human health, were not exceeded 
in any of the stations during 2012 [18]. The meteorological observations are wind speed 
(WS), wind direction (WD), temperature (T), relative humidity (RH), pressure (P), and solar 
radiation (SR). These parameters are observed in Pista de Silla station, and all these data are 
also used in the analysis of the other stations, except in Avd. Francia where WS and WD 
measurements are also registered. Table 2 shows the descriptive analysis (mean and standard 
errors) of the air pollution and climatic variables. Average O3 level has been higher in 2012 
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Table 1:  Monitoring sites of the urban area of Valencia.

Name Type Variables Coordinates Altitude (m)

Avd.Francia Traffic urban Air quality  
meteorological

0°20’34’’W
39°27’29’’N

  7

Molí del Sol Traffic urban Air quality 0°24’30’’W
39°28’52’’N

15

Pista de Silla Traffic urban Air quality  
meteorological

0°22’36’’W
39°27’29’’N

11

Politècnic Traffic urban Air quality 0°20’15’’W
39°28’47’’N

  7

Viveros Background 
suburban

Air quality 0°22’10’’W
39°28’46’’N

11

Table 2:  Means and standard errors of the variables used in the analysis.

2010 2011 2012

Station Mean Standard  
error

Mean Standard 
error

Mean Standard 
error

Avd.Francia
O3
NOx
WS
WD

    45,84
    51,57
    1,3

169

  25,55
  57,69
  1,3
101,8

    45,05
    52,12
    1,3

161

  27,49
  59,08
  1,3
103

  50,2
    39,54
    1,3

167

  27,44
  45,11
  1,3
100,3

Molí del sol
O3
NOx

    48,64
    60,59

  32,68
  63,64

    47,54
  51,8

  32,51
  52,22

    54,18
    48,68

  35,03
  51,28

Pista Silla
O3
NOx
WS
WD
T
RH
P
SR

    44,46
    87,65
    0,9

207
  17,8

62
1009,9
  138,8

  30,15
  78,08
  0,8
108,8
  6,9
  15,8
  6,8
231,4

    47,93
    64,67
    0,7
  184,6
  18,8

    65,46
1013,5

150

  31,59
  59,39
  0,7
112,3

    6,39
  14,69
    6,44
237,8

    38,39
    74,31
    0,6
  200,9
  17,5
  61,5
1015,6
  161,5

  24,51
  76,58
  0,7
107,8

    6,85
  19,72
    7,47
261,6

Politècnic
O3
NOx

    51,89
    51,58

  29,37
  53,84

    53,62
    46,48

  31,64
  53,19

    54,05
    28,22

  31,78
  29,43

Viveros
O3
NOx

    43,52
    46,69

  26,38
  40,27

    43,35
    45,70

  29,81
  49,46

    39,34
    53,67

  29,64
  58,74
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in Avd. Francia, Molí del Sol, and Politècnic. In the other two stations, the lowest mean value 
of this pollutant was observed in 2012. The average hourly O3 and NOx levels of 2010 and 
2011 were smaller in the background suburban site (Viveros) than in the other sites. In 2012, 
the smallest mean of O3 hourly values is in Pista Silla, although this station has the highest 
NOx hourly average.

The prediction models are MLR and MLP networks. The input variables, following the 
results of [14], are meteorological observations and pollutants concentrations. Daily and weekly 
seasonalities are included as predictors, in the form of sine and cosine components. These sea-
sonalities were descriptively analyzed by [15], in Pista Silla and Viveros. Hourly forecasts were 
obtained with 1, 8, and 24 h in advance. The number of neurons in the hidden layer of the MLP 
networks, was from 5 to 55. The hyperbolic tangent transfer function and the Levenberg–
Marquard algorithm were applied. The observations were separated into the training (year 
2010), validation (year 2011) and, test (year 2012) sets. The MLR models were estimated with 
the observations of 2010, and their evaluations were done with the predictions for 2012. Table 3 
gives the number of hourly observations used in analysis, for the three prediction intervals.

Three parameters were computed to evaluate the models performance: the root mean 
square error (RMSE), the mean absolute error (MAE), and the correlation coefficient between 
observations and predictions (r).

3  RESULTS AND DISCUSSION
The models evaluations results are presented in Tables 4 and 5. Table 4 contains the MLR 
performance criteria values, for the five monitoring sites and the three prediction intervals. 
These criteria values are better for Viveros site when the prediction interval is 1 h. If the 

Table 3:  Number of observations available with complete records.

Station Training set Validation set Test set

Avd.Francia
1 h
8 h
24 h

7579
7560
7543

7701
7672
7642

5691
5670
5642

Molí del Sol
1 h
8 h
24 h

7001
6966
6932

7420
7386
7363

6709
6690
6675

Pista de Silla
1 h
8 h
24 h

7055
7022
6993

7974
7915
7845

6747
6709
6692

Politècnic
1 h
8 h
24 h

8150
8079
8027

7233
7170
7107

7325
7278
7243

Viveros
1 h
8 h
24 h

8054
8038
8065

6845
6810
6767

3537
3474
3352
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Table 4:  RMSE, MAE and r values for the MLR predictions.

Station RMSE MAE R

Avd.Francia
1 h
8 h
24 h

  9,6688
21,2017
17,9938

  6,9949
17,1604
14,2254

0,9373
0,6582
0,7679

Molí del Sol
1 h
8 h
24 h

10,339
25,5284
20,6767

  7,6434
20,8837
16,1778

0,9553
0,7045
0,8125

Pista de Silla
1 h
8 h
24 h

  9,4452
20,8772
18,2029

  7,0286
16,7847
14,5048

0,9237
0,5371
0,6746

Politècnic
1 h
8 h
24 h

  9,9324
23,1183
18.9615

  7,2491
18,8079
14,9854

0,9516
0,6169
0,8131

Viveros
1 h
8 h
24 h

  9,2395
22,6609
18,8583

  6,7192
18,4089
15,1749

0,9511
0,6492
0,7009

Table 5:  Nh, RMSE, MAE, and r values of the MLP predictions.

Station Nh RMSE MAE r

Avd.Francia
1 h
8 h
24 h

10
10
  5

  8,9024
18,5894
17,8682

  6,4417
14,5120
14,1471

0,9478
0,7579
0,7692

Molí del Sol
1 h
8 h
24 h

10
35
20

  9,3206
22,2441
20,7372

  6,7982
17,5646
16,2411

0,9651
0,7865
0,8064

Pista de Silla
1 h
8 h
24 h

  5
15
  5

  8,4694
19,0643
18,1307

  6,2789
15,0111
14,3614

0,9393
0,6674
0,6811

Politècnic
1 h
8 h
24 h

15
10
20

  9,1747
21,2384
19,1707

  6,7397
16,7431
15,1257

0,9608
0,7762
0,8084

Viveros
1 h
8 h
24 h

15
25
10

  8,4704
20,9776
19,7404

  6,0507
16,0970
15,0829

0,9605
0,7247
0,7549
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forecasts are computed 8 h in advance, the MLR has better evaluation results for Pista Silla 
station in terms of RMSE and MAE. Nevertheless, the linear correlations between observa-
tions and predictions are higher in the other sites. Predictions RMSE and MAE are better in 
Avd.Francia, for 24 h ahead calculations. However the correlation coefficient r is higher in 
Molí del Sol and Politècnic.

The MLP networks evaluation is shown in Table 5. It contains the best neural network 
result, with its number of hidden units (Nh). Pista Silla and Viveros site have similar RMSE 
and MSE results for the 1 h ahead prediction. The best correlation coefficient values are in 
Molí del Sol and Politècnic locations. The forecast 8 h in advance is better in Avd.Francia 
with lower RMSE and MAE values, but in Molí del Sol and Politècnic the correlation coef-
ficient is higher. The same results are observed in case of the 24-h interval. In all stations the 
best predictions with MLR and MLP models are obtained for the 1 h interval, and the worse 
ones for the 24-h interval. Comparisons of the two approaches, indicates that MLP allows to 
predict with more accuracy than MLR. Observations and 1 h ahead predictions for Viveros, 
are represented in Fig. 1.

4  CONCLUSIONS
Multiple linear regression and multilayer perceptron models have been used to predict ozone 
with three intervals. In the five monitoring sites of the study, the second method gave better 
results. The prediction for the shortest lag was more accurate. These models were applied in 
[12] to forecast ozone concentrations in Bilbao (Spain). In the four stations of this urban area, 
the MLR had worse correlation coefficients than the MLP, with traffic, nitrogen dioxide 

Figure 1:  Observations and predictions at Viveros site 1 h in advance.



564	 C. Capilla, Int. J. Sus. Dev. Plann. Vol. 11, No. 4 (2016)

concentrations, meteorological parameters, and seasonal cycles as inputs, when the predic-
tion intervals were 1 or 8 h. These coefficients were smaller than the ones in Tables 4 and 5. 
Gómez-Sanchis et al. [14] obtained MAE results between 5,87 and 7,21, and RMSE values 
from 7,31 to 9,04, when predicting one day ahead O3 concentrations. They used as inputs 
daily O3, nitric oxide, nitrogen dioxide, and climatic variables in a MLP model, ‘applied to a 
small town near Valencia’.
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