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Abstract

This paper presents the use of artificial neural networks (ANNSs) for surface ozone modelling. Due to the usual non-linear
nature of problems in ecology, the use of ANNs has proven to be a common practice in this field. Nevertheless, few efforts
have been made to acquire knowledge about the problems by analysing the useful, but often complex, input—output mapping
performed by these models. In fact, researchers are not only interested in accurate methods but also in understandable models
In the present paper, we propose a methodology to extract the governing rules of trained ANN which, in turn, yields simplified
models by using unbiased sensitivity and pruning techniques. Our proposal has been evaluated in thousands of trained ANNs
under different conditions to establish a relationship between present contaminants (or several atmospheric variables) and surface
ozone concentrations. The technique presented has demonstrated to be unbiased and stable with regard to the interpretability o
the models and the good results obtained.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction perform complex and flexible input—output mappings.
However, these excellent properties can turn into dra-
Artificial neural networks (ANNSs) have proventobe matic problems when one tries to understand the estab-
as efficient classification and regression tools, which lished relationships between the input and the output
are presently used in many modelling taskisykin, variables. In fact, researchers from many areas are even
1999. Their appeal consists basically in their abilityto more interested in the interpretability issue than in the
accuracy of the learning machine. This is particularly
"+ Corresponding author. Tel.: +34 963160459: interesting in biomedical en_gineering, bioinformatics,
fax: +34 963160466, or ecology, where the relative relevance (ranking) of
E-mail addressemilio.soria@uv.es (E. Soria-Olivas). the input variables in the problem is sometimes more
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important than the accuracy obtained by the classifier
when discriminating a cardiac disease, when predicting
the efficacy of an antisense oligonucleotide, or when

modelling the surface ozone concentrations, respec-

tively.
The multilayer perceptron (MLP) is the most com-
monly used ANN and many methods have been pro-
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age to agriculture results in the expenditure of more
than one billion euros per yeaKiupa et al., 1993;
Slaughter etal., 1993Tropospheric @is formed from
complex and non-linear photochemical reactions, and
thus, it is a secondary contaminant. Precursor contam-
inants Stockwell et al., 1997; Chameides and Lodge,
1992, which are emitted to the atmosphere (mainly

posed to analyse the information encoded in the model NO, NO,, and volatile organic composites), interact

parameters. Basically, two approaches are found in
the literaturesensitivity measurg®al, 1999; Orr and
Mduller, 199§ and pruning methodgLeCun et al.,
1990; Guo and Uhrig, 1992; Hassibi and Stork, 1993;
Hsuetal., 1995; Leray and Gallinari, 1999; Tresp et al.,
1997; Zurada et al., 1994n the field of environmental
modelling, a recent pape®({den and Jackson, 202

photochemically in the atmospherglgthuller, 1978;
Colbeck, 1985 At the same time, ozone is destroyed
by oxidation. In laboratory conditions,3&oncentra-
tions are absolutely predictable from the precursors but
this becomes a more difficult problem in field condi-
tions, when ozone concentration (emissions) depend
upon a great many uncontrolled and unpredictable fac-

has developed a randomisation approach and bench-+tors Comrie, 1997; Spellman, 1998

marked three methods for network analysis. An exten-
sive comparison of methods to study the contribution
of variables in ANNs was recently publishe@dvrey

et al., 2003. These are certainly effective approaches
to the problem. However, these sensitivity measure-
ments should be calculated in many situations, i.e. for
many neural networks with different topologies and
training conditions. In fact, if we use these measures
with only one network, we might arrive aiasedso-
lutions or what is even worse, we might even draw
unreasonable conclusions. This issue is intimately re-
lated to the fact that neural networks are very flexible
and thus they perform mappings that are too complex,
which are difficult to encode in a set of understandable
and easy rules.

In this work, we present the use of ANNSs for surface
ozone modelling. In addition, we propose a methodol-
ogy for knowledge discovery in trained ANNs, which,
in turn, yields simplified models by usingnbiased

In order to reduce the negative effects on public
health and the economy, governments in USA and EU
have established maximunz@evels that should not
be exceededHPA, 1996 EU, 2003. Consequently, it
might be very useful to develop mathematical models
capable of predicting ®levels as a function of pre-
cursors. This would certainly avoid high emission lev-
els and would aid in developing control strategies of
ozone levels. Unfortunately, no general or mechanicis-
tic models are available to achieve this goal. Besides,
deterministic models would also require knowing the
atmospheric stability, the diffusion coefficients in lat-
eral and vertical direction, the reaction mechanisms and
the kinetic data, and these are usually not well under-
stood.

Linear models are not well suited to this problem
since they yield relatively poor predictions due to the
complexity induced by the presence of a great vari-
ety of underlying processesiédijiiski et al., 1999

sensitivity and pruning techniques. Our proposal has McCollister and Wilson, 1975; Roberson and Steyn,

been tested in thousands of models that are trained t01990. This situation encourages the use of non-linear
establish a relationship between both present contam-regression models such as neural networks. Neural
inants and several atmospheric variables and surfacemodels do not assume any distribution or relationship
ozone concentrations. Both the interpretability of neu- between variables, nor do they need a priori knowl-

ral models and the good results obtained validate the edge of the problem, and they have proven to be ef-
techniques presented and circumvent the bias problemfective techniques in a wide range of applications. The

of many previously proposed methods.

Many studies have shown the adverse effect of tro-
pospheric ozone on healthqrsen et al., 1995 pekton
etal., 1991; Kinney et al., 1998Moreover, high levels
of ozone affect crops and forest vegetatikn(paetal.,
1994; Legge et al., 1995; Hogsett et al., 1p9Fam-

use of ANNSs in ecological modelling is well known
and their superiority with respect to linear models has
been extensively demonstrated in this fieBingpson

et al., 1992; Lek et al., 1996; Paruelo and Tomasel,
1997; Wise et al., 1995 Recently, state-of-the-art
neural-based prediction models of f@vels have been
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developedNunnari et al., 1998alaguer et al., 2001 as wind speed (WS), temperature (T), atmospheric
Nevertheless, as explained before, the main limitation pressure (P), solar irradiance (Sl) and relative humid-
of these approaches is that little attention has been paidity (RH). The data set for developing the models was
to the structure of the model, and thus, it is not possi- obtained during 20 consecutive days (1 April-20 April
ble to ascertain the influence of the input descriptors 2002) from the rural monitoring station. Models were
on the formation of the tropospheric ozone. This pa- applied in order to forecast {Jevels, exclusively in
per presents a strategy to extract knowledge from the the ozone season (the periods with high v@lues),
model which, in turn, leads to pruned models with a which are spring and summer. In these periods, typical
lower number of inputs and, consequently, better gen- daily profiles present a maximumg@evel at noon and
eralisation capabilities. These are certainly desirable a minimum Q level at night.
characteristics that make the approach different from  Once the input variables were defined, time series
the previously adapted ones. were processed to give zero mean and unit variance.
The rest of the paper is organized as follo@sction The next step in training a neural model was to select
2 describes Material and metho®ection 3presents  the number of hidden nodes and layers, the learning
and discusses the results. FinaBgction 4presents rate, the number of epochs, and the initialisation range
some concluding remarks and a proposal for further of synaptic weights.

work.
2.2. Neural networks
2. Material and methods Neural networks are extensively used in non-linear
modelsm which have been widely applied to pattern
2.1. Data description recognition, system identification, and time series pre-

diction. The MLP is the most commonly used neu-

The data used in this research was obtained from ral network for pollution prediction (Gardner, 1999;
the Conselleria d’ Agricultura, Peixca i Alimentaci  Kolehmainen et al., 2001MLP is fully described in
(Department of Agriculture) of the Generalitat Valen-  (Haykin, 1999, and therefore, only a brief outline is
ciana (Regional Government), \#icia, Spain. The  provided here. The traditional model of a multilayer
measuring site was located in the “Centre de Capac- feed forward neural network is shownfig. 1
itacio Agrariade Carcaixent” (Vahcia, Spain; 3%’'N, An MLP is composed of a layered arrangement
0°27W:; 21 m above sea level; thermo-Mediterranean of artificial neurons in which each neuron of a given
bio-climate). The sampling site is adjacent to the small layer feeds all neurons the of the next layer. A sin-
town of Carcaixent, which is 40 km south of the city of gle neuron extracted from theth layer of anlL-
Valencia. layer network is also representedrig. 1 The inputs

The input variables to the networks were NO and x' to the neuron are multiplied by adjustable coeffi-
NO:; levels as well as meteorological parameters such cientswﬁj calledweights which represent the synaptic

Fig. 1. Neuron model and feedforward network: each neuron passes the weighted sum of its inputs through a sigmoid function. The output of
a neuron in a given layer acts as an input to neurons in the next layer. In the network illustration, each line represents a synaptic connection.
Figure adopted froriiVan, (1993)
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connectivity between neurarn |-1 layer and neuropn tional sensitivity measure, called average absolute gra-

in layerl. The output of a neuron’;™, is usually taken dient (AAG) has been computed. This measurement

to be a sigmoid-shaped function of the weighted sum is based on perturbing an input, and then monitoring

of its inputs: model outputs Qrr and Miller, 1999. These sensi-
tivity measures have been selected for their simplic-
Plas sz_‘xz_ 1) ity, their induced computational cost, and the good
J — results achieved in other applicatiot®r¢ and Miller,

1998. The authors’ experience in other applications

A biasinput to the neuron is achieved by fixitxg (Martin et al., 2003 has demonstrated that the se-
to +1. The network structure is completely defined by lected methods are especially well suited to this case
takingx§J to be the external inputs, amfl to be the fi- studly.
nal outputs of the network. The MLP used in this work
incorporates the hyperbolic tangent as a non-linear ac- 5 4 Methodology
tivation functionf of hidden neurons.

The back propagation algorithm was used to train
the networks. There are two possible ways to apply
this algorithm: on the one hand, the synaptic weights

In previous work Balaguer et al., 2001; Balaguer
et al., 2002, effective predictive models were devel-
o X oped to provide 24-h in-advance forecasts of the hourly
can be updated after each training pattern is shown to ozone concentration. In the present paper, a similar

the network (on-line qurning), and on the other hand, methodology has been followed which is based on
the update can be cgrrled out after all the patterns areihe data collected in the year 2002. The collected
showed (,bf"‘tCh Iear.r!mg).. . variables described irsection 21 were monitored

In anmon', a crltlcgl issue When training a neural continuously. The data was averaged over 60-min in-
model is the risk of falling in local minima, which pro- 4015 The training set consisted of data collected
duces poor results in the validation (generalization) set. over 20 consecutive days (480 samples per variable)

_In_ Qr(jer FO alleviate this prqblem, we also varied the and the following 10 days constituted the validation

initialisation range of the weights and incorporated the set.

momentum term in the weight update. We used the cross-validation method to select the
o ] best model. The criterion used to select a candidate

2.3. Sensitivity analysis model for the final system was based on the model

) ) ] predictive performance in the validation data set. This

~ Knowledge Discovery is defined as the process of performance was evaluated using several measures for

identifying valid, novel, potentially useful, and ulti- {6 estimation of the ozone concentration.

mately understandable structure in d&eadley et al., Once the model is trained, two strategies were fol-

1998. The scientific community is not only searching  |oed to determine the relative importance of the vari-
for methods that provide accurate estimations of the gpjes in the model:

underlying system function, but also for methods that
explain those complex, and often non-linear, relation- 1. Sensitivity analysidiVe perform a sensitivity anal-
ships from the input—output mapping performed by the ysis of the model and ee-training of the network
models. In this paper, sensitivity analysis for the MLP without taking into account the less significant pre-
has been used in order to acquire knowledge about the dictors. Three direct consequences are obtained: (i)
problem. a valuable ranking of input variables is obtained,
Sensitivity analysis is used to study the influence (ii) simplicity of the method is ensured, and (iii)
of input variables on the dependent variable and con-  unbiased rankings are provided.
sists of evaluating the changes in training error that 2. Pruning At this point, we can discard the less rele-
would be obtained if an input were removed from the vant predictors heuristically or by any fixed thresh-
model. This measure, commonly known delta er- old, as in our case study. This allows us, in turn, to
ror in the literature, produces a valuable ranking of trace possible strategies to contrg) @missions by
the relevance of the variableRdl, 1999. An addi- acting only on the most relevant variables.
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Table 1
Architecture, learning algorithm and resultsR%, MAE; RMSE, d) achieved by the best neural networks in the validation set
Mode Layers Hidden neurons r R? MAE (ppb) RMSE (ppb) dr
Batch 1 5 0.88 0.77 7.36 9.32 0.93
Batch 1 5 0.88 0.78 7.19 9.22 0.93
On-line 1 11 0.86 0.75 7.71 10.06 0.93
On-line 2 5 0.85 0.73 8.33 11.01 0.92
On-line 1 ] 0.85 0.73 8.20 10.40 0.92
Batch 1 6 0.89 0.79 7.03 8.86 0.90
Batch 1 5 0.89 0.80 6.93 8.92 0.89
Batch 1 12 0.89 0.80 7.03 8.85 0.89
Batch 1 <) 0.89 0.79 7.08 9.05 0.88
Batch 2 14 0.76 0.59 12.48 14.64 0.69

The row of the best model is grey-shaded.

3. Results and discussion creasing the complexity of the models. The number of
neurons was varied between 5 and 16, in order to avoid
3.1. Performance indexes the overfitting problem. The results with only one hid-

den layer were more efficient than the results with two
Neural networks were developed using the tech- hidden layers, since more neurons were necessary to
niques explained isection 2 We varied the network  obtain similar results with two layers and the risk of
parameters and found more than 1000 models for eachoverfitting was evident.
kind of network (batch, on-line, and one or two hidden It is worth noting that the indexes that appear in
layers). In order to evaluate network performance, the Table lare global for the generalization set. Neverthe-
following indexes were taken into account: Pearson’s less, the goal results were also obtained for individual
coefficient (), determination coefficienR?), mean ab- prediction days. An example of individual predictions
solute error (MAE), root mean square error (RMSE) is given inFig. 2
and index of agreementl{) (Gardner and Dorling, Fig. 3shows results obtained using one hidden layer
1999. RMSE and MAE are error measures, which in- with 12 units in the validation set formed by patterns,
dicate level of accuracy; R? andd, are measures that ~ which were not previously presented to the network.
indicate the similarity between the model tendency and This network offered the best performance indexes, ex-
the observed one. The importance of MAE and RMSE cept for thed, measurement and the MAE. ThandR?
is relative, because their value depends on the original values were 0.89 and 0.80, respectively, which are bet-
data. InTable 1 MAE presented values between 7.03 ter than those obtained in previous works using neural
and 12.48 ppB,and RMSE presented values between networks for tropospheric ozone predicti@peliman,
8.85 and 14.64 ppb. Since the highest values of ob- 1999; Soja and Soja, 1989t is important to highlight
served ozone were between 50 and 70 ppb, the valuegthat the correlation values were high, which indicated
achieved in the error measures indicated that the net-fitted estimates.
works fitted the observed values correctly. Although Fig. 4 shows the first 4 days of the validation set;
MAE is more intuitive, its strong sensitivity to extreme it magnifies part of the validation set to better show
values Wilmott, 1981 makes RMSE the most com- the excellent fitting. Good accuracy in the prediction
monly used index to compare results and to develop a is observed, with a trend and performance indexes that
posterior statistical analysis. are similar to those obtained using a 10-day period.
Table 1shows network architectures and perfor- Statistical parameters are better since time prediction
mance indexes for the best results in the validation set. is shorter.
These networks were used for input selection, thus de-  The results obtained indicate good generalization
capabilities. Identical conclusions could be drawn from
1 1ppb=1.963,gm 2 at 25°C. the other networks, as shownTable 1 In conclusion,
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Fig. 2. Statistical indexes in the validation set using a neural network with five hidden nodes and batch back propagation algorithm.
the analysis of the results indicates that the best generalization capabilities. This also implies that the

ANN models provided accurate predictions on the test networks have captured the underlying system that
data, indicating that model can extrapolate to unseen generated the data and therefore extracting rules in

data. these cases is reliable. The most important variables
for O3 concentration are temperature and solar irradi-
3.2. Sensitivity analysis ance. Thisfactis extensively referenced in the literature

As the achieved results were accurate, several sen-r,q »
sitivity analyses were performed. Sensitivity analysis inputs ordered according to their relative importance for different
is based on studying the influence of input variables neural models

on the dependent variable, and consists of evaluat- 1 2 3 4 5 6 7
ing the changes in the error committed by the net- T Si WS RH = NG NO
work that would result if an input were removed. T S ws RH ) NG NO
In order to avoid biased results, 10 different models T S ws RH P NG NO

(those shown ifable 1 were consideredRuck etal., T Sl RH NG, WS NO P
1990. T Sl RH ws P NQ NO
o ) T S ws RH P NQ NO

Table 2shows the relative importance of inputs; the ¢ si RH NO WS NO =
column labelled as one refers to the most important T Sl RH WS P NG NO
input and the column labelled as seven refers to the T S ws RH P NG NO
least important one. T SI RH WS NO P NQ

_ Itis important to highlight th'ff‘t th_e good results ob- T, temperature; SI, solar irradiance; WS, wind speed; RH, relative
tained by the models in the validation set ensure good humidity; and P, atmospherical pressure.
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Fig. 3. Tropospheric ozone prediction in the validation set (10 days) carried out by a neural network with one hidden layer formed by 12 units
(solid), and desired values (dashed). The statistical parameters of fitdwer®.987,r = 0.899,R? = 0.808, MAE = 7.039 ppb, RMSE =
8.854 ppb.

(Chameides and Lodge, 199Moreover, most of the  thermore, primary pollution agents (nitrogen oxides)
models consider NO and NQevels to be the least are also transported to the area, but in a lower quantity
important inputs. because T and Sl provoke the ozone formation.

In fact, the sensitivity analysis shows that precursors
(NO, NQy) are not very important in ozone concentra- 3.3. Pruning
tion, a conclusion which is confirmed by their concen-
tration values, which are very low. It should be taken Pruning consists of removing those variables whose
into account that this fact corresponds to the model de- influence is less important in order to predici €bn-
velopmentin the period of time and area studied. These centration, using sensitivity analysiB4l, 1999; Ruck
precursors do not present the highest relative impor- et al., 1990; Sarle, 2000This procedure allows us to
tance; this suggests that a transport phenomenon is thedetermine which models are more accurate and what
main cause of the £concentration. This is due to the the optimal architecture is. In order to carry out the
fact that nitrogen oxide is transported a short distance, pruning, we removed the NCand the NO, and after
but O3 can be carried a longer distandgh@meides  that, we predicted the nextzQroncentration by tak-
and Lodge, 199 In fact, both nitrogen oxides and ing into account only the four environmental variables
O3 were likely transported by wind to our study mentionedTable 3shows the best results obtained and

area. the corresponding architecture of the neural model. The
Since temperature (T) and solar irradiance (Sl) are goodness of the results justifies the input removal. The
the mostimportant variables, high level of @ formed best networks are formed when there is one hidden

in the areas surrounding the monitoring station. Fur- layer with a high number of neurons; the results were
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Fig. 4. Tropospheric ozone prediction in four days of the validation set carried out by a neural network with one hidden layer formed by 12 units
(solid), and desired values (dashed). Statistical parameters of fidyer6.987,r = 0.899,R? =0.808, MAE = 7.039 ppb, RMSE = 8.854 ppb.

Table 3

Indexes for the pruned networks presenting the best results

Mode Layers Hidden neurons r R2 MAE (ppb) RMSE (ppb) da
On-line 1 6 0.86 0.76 87 1018 0.94
Batch 1 6 0.88 0.78 73 954 0.93
Batch 2 12 0.76 0.59 103 2103 0.57

notas good when networks with two hidden layers were forecasting is accurate throughout the entire prediction
used. period.
Sensitivity analysis has shown that the most relevant
factors for the @ concentration are temperature and
4. Conclusions solar irradiation, while the leastimportant variables are
O3 precursors (NO and N£). This fact could indicate
We have developed a methodology to build neural that the @ was not generated at the monitoring area,
networks that accurately predict the currenf &n- but that it was transported by wind from other places.
centration by using information from environmental air The methodology could be interesting for studying
pollutants and atmospheric data. A good model f O the influence of precursors and the formation of tropo-
concentration has been developed in terms of a high spheric ozone in other sites. Our method only requires
correlation coefficient between actual and predicted a few input variables, so it could be considered as an
signals, and low RMSE and MAE values. Moreover, alternative to the physical and chemical models, which
the robustness of the models can be guaranteed, sinceneed a huge amount of data. Moreover, the technique
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employed is an easy way to determine the relative im- Guo, z., Uhrig, R.E., 1992. Using modular neural networks to mon-

portance of factors in ©@concentration.

The main drawback of our neural model is related
to the number of patterns used, which is very low due
to the limitations encountered in the measuring site. If

itor accident conditions in nuclear power plants, SPIE. In: Ap-
plications of Artificial Neural Networks Ill. 1709, pp. 505-516.

Hadijiiski, L., Geladi, P., Hopke, P., 1999. A comparision of modeling
nonlinear systems with artificial neural networks and partial least
sqguares. Chemom. Intell. Lab. Syst. 49, 91-103.

more data or more variables were available, the model Hassibi, B., Stork, D.G., 1993. Second order derivatives for network

precision would have been greater. Future work should

considerootstraptechniques for model analysis and
testing.
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