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Abstract. Pollen allergy is a common disease causing 
rhinoconjunctivitis (hay fever) in 5-10% of the popula- 
tion. Medical studies have indicated that pollen related 
diseases could be highly reduced if future pollen contents 
in the air could be predicted. In this work we have devel- 
oped a new forecasting method that applies the ability 
of neural nets to predict the future behaviour of chaotic 
systems in order to make accurate predictions of the 
airborne pollen concentration. The method requires that 
the neural net be fed with non-zero values, which restricts 
the method predictions to the period following the start 
of pollen flight. The operational method outlined here 
constitutes a different point of view with respect to the 
more generally used forecasts of time series analysis, 
which require input of many meteorological parameters. 
Excellent forecasts were obtained training a neural net 
by using only the time series pollen concentration values. 
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Introduction 

The most abundant biological particles in the atmo- 
sphere, with concentrations that can reach several thou- 
sands of particles/m 3 are pollen grains and spores (Com- 
tois and Sherknies 1987). For various reasons, both bio- 
logical and medical, it is interesting to determine the 
number of pollen grains of different plants that are to 
be found in the air. Pollen allergy is a common disease 
causing hay fever in 5-10% of the population; although 
not a life threatening disease, the symptoms can be very 
troublesome, and furthermore, the costs to the social 
sector due to pollen related diseases are high. Self-protec- 
tion of hay fever patients is possible through the predic- 
tion of future pollen contents in the air (Leuschner 1991). 
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Models to forecast pollen concentration in the air 
are principally based on pollen and atmospheric weather 
interactions. Several statistical techniques (O'Rourke 
1986, 1989; Goldberg et al. 1988; Comtois and Sherknies 
1987, 1989; Moseholm et al. 1987) have been used to 
predict future atmospheric pollen concentrations from 
daily weather conditions of the current and of preceding 
days. In spite of these attempts, it has not been possible 
to predict the pollen concentrations with great accuracy, 
and about 25 % of the daily pollen forecasts have resulted 
in failures (Goldberg et al. 1988). 

A new analysis of the dynamic characteristics of time 
series of atmospheric pollen was developed recently by 
Bianchi et al. (1992). The analysis is carried out by 
searching for a strange attractor of the pollen time series 
through the study of the correlation dimension. The 
value of the dimension found was a non-integer and less 
than 1, indicating that the system can be described by 
a one-dimensional chaotic map. This chaotic behaviour 
places a fundamental limit on long-term prediction while 
suggesting possibilities for short-term prediction (Farmer 
and Sidorowich 1987). A short introduction to chaos 
is given in Bianchi et al. (1992) and references therein. 
The existence of a one-dimensional function connecting 
each two neighbour members of the pollen concentration 
time series indicates that it is possible to apply the pre- 
dicting abilities of artificial neural nets. Artificial neural 
networks have been used recently to predict future values 
of chaotic time series by extracting knowledge from the 
past (Lapedes and Farber 1987). The problem of predic- 
tion, usually framed as extrapolation in time, is then 
re-framed as interpolation in space. This essential idea 
is captured by approximating the past relationships be- 
tween subsequent values by smoothing the interpolation 
in space. 

In this work we have developed an operational fore- 
casting model based on the techniques of neural net- 
works. By training the network using present and past 
values of the pollen time series accurate future predic- 
tions are generated. Traditional approaches to pollen 
forecasting are consistently surpassed although, in prin- 
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ciple, it is not possible to predict the day of the year 
when the pollen flight starts. This kind of forecasting 
requires phenological dating for which environmental 
parameters are necessary. The method outlined here pro- 
vides good forecasting once the pollen season has 
started. We apply the forecasting method to time series 
of total pollen concentration; however, it may be used 
for pollen concentration of any particular species of in- 
terest whenever the corresponding time series is avail- 
able. 

Materials and methods 

The material used in this work was from our chaos study of pollen 
series (Bianchi et al. 1992). Data of airborne pollen concentrations 
were obtained with an automatic and volumetric Burkard pollen 
and spore trap, situated on the roof of the Facultad de Ciencias 
Exactas y Naturales, 12 m above ground level. The area surround- 
ing the sample is typical of Mar del Plata. The great distance from 
the sampling site to the emission sources makes the particular emis- 
sion spectra unimportant. 

Ten litres of air/min were sucked through a 14 x 2 mm z orifice, 
always orientated against the wind flow; the sucking rate was 
checked weekly. Behind the slit, a drum rotated at a speed of 2 mm/ 
h. The particles were collected on a cellophane tape (Melinex), 
19 mm wide, located just below the orifice. The sticky collecting 
surface comprised 9 parts vaseline: 1 part paraffin in toluene. The 
exposed tape was removed from the drum, cut into pieces of 48 ram, 
corresponding to 24-h intervals, then embedded into a solution 
of polyvinylalcohol (Gelvatol), water and glycerol and covered with 
a cover glass. Slides were studied as 12 transects per day. The 
pollen was counted at a magnification of x 400 for the first year 
cycle (August 1987-1988) and at x 200 for the second (August 
1988-1989), and correspond to 13.5 and 27 min of sampling every 
2 h respectively. The method of counting pollen followed that of 
Kfipylfi and Penttinen (1981). Hourly counts were stored in a data- 
base file for further analysis; statistics of the hourly counts are 
presented in Tables 1 and 2 of Bianchi et at. (1992). The concentra- 
tion values correspond to total pollen grains. The main species 
found were: Cupressus, Gramineae, Eucalyptus, Pinace, Chenopo- 
daceae, Plantago, Cyperaceae, Betula, Cruciferae, Compositae, 
Tueulflorae, Ambrosia, Ulmus, Umbelliferae, Plantanus, Fraxinus. 

Neural networks 

Robert  Hecht-Neilson defines a neural network as "a  
dynamical system with the topology of a directed flow 
graph that can carry out information processing by 
means of its state response to continuous or episodic 
inputs" (Hecht-Neilson 1988). A neural network is fun- 
damentally different from a traditional program in a 
computer. Neural networks have the following charac- 
teristics: they do not sequentially execute instructions; 
respond in parallel to a set of inputs; are more concerned 
with transformations than algorithms and procedures; 
are comprised of a large number of simple devices doing 
little more than computing weighted sums. 

Information in neural networks is not stored in explic- 
it memory locations, but is represented by the intercon- 
nection strengths and the current output of the neurons. 
An "artificial" neuron, referred to hereafter simply as 
a neuron, models the behaviour of the biological neuron 
composed of a body, one axon, and a multitude of den- 

drites. The body of the j  th neuron is generally represented 
by a weighted linear sum, z j, of the input signals followed 
by a linear or a nonlinear function yj=f(zj).  The func- 
tion f(z~) is called an activation function, a function 
which uses the input value to determine the output activ- 
ity of the neuron. Different neural networks use different 
activation functions, but the internal structure of the 
neuron, i.e. linear sum of the inputs followed by a func- 
tion f(zj), is common to most networks. Examples of 
functions f are linear functions, threshold functions and 
non-linear Gaussian or sigmoid functions. 

The "synapse" or connection between neurons is rep- 
resented by the interconnection weight or simply weight, 
W~j, from the i th neuron to the jth neuron. The weights 
can be positive (excitatory), negative (inhibitory) or zero. 
The number of neurons and its relative positions is the 
"architecture" of the neural network. The neural net ar- 
chitecture used in this work is shown in Fig. 1. For  a 
given network architecture the weights and the functions 
f dictate the operation of the network; usually the func- 
tions f will be fixed. Thus varying the weights will allow 
the network to carry out different computations; the out- 
puts of the neurons determine the current state of the 
network. Networks with adaptable weights use learning 
laws to adjust the values of the intereonnection strengths. 

Learning laws determine how the network is to adjust 
its weights using an error function or some other criteria. 
There are two types of learning: supervised and unsu- 
pervised. Supervised learning occurs when the network 
is supplied with both the input values and the correct 
output values, and the network adjusts its weights based 
upon the error of the computed output. Unsupervised 
learning occurs when the network is only provided with 
the input values, and the network adjusts the weights 
based solely on the input values and the current network 
output. Adaptable neural networks may have two phases 
of operation. The first phase is the training of the net- 
work. The user provides the network with a suitable 
number of input patterns, and output patterns if re- 
quired, and the network adjusts the interconnection 
strengths until the output is "close enough" to the cor- 
rect output. The second phase is the computation phase. 
The network is presented an input pattern and the net- 
work simply computes its output. More details concern- 
ing neural networks are given in Rumelhart  et al. 
(1986a). 

Neural nets for time series predictions 

A typical architecture of a layered artificial neural net 
can be seen in Fig. 1. The input neurons are fed with 
the input patterns, while at the output neuron the re- 
sponse of the net is obtained. Placed between the input 
layer and the output layer, a layer of hidden neurons 
fully connected with both layers can be found. The 
number of neurons in the input layer is equal to the 
number of inputs in each input pattern. The output of 
the neurons in the output layer are the outputs of the 
network. The number of neurons in the hidden layer 
depends on the network designer: too many neurons 
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Fig. 1. Architecture of the three-layer neural network used to pre- 
dict the pollen concentrations. The number of output nodes is set 
at 1 corresponding to the fact that we are making predictions of 
the subsequent 2-h concentration value. The number of input nodes 
is set at 6 and the number of hidden nodes is set at 5. Results 
from trial runs indicated that adding input and/or hidden nodes 
did not significantly improve the network prediction capabilities, 
but rather only slowed the convergence. The values at the input 
nodes are lagged values of the pollen time series 

will make it difficult to deal with new input patterns, 
e.g. making generalizations. Too few neurons will not 
allow it to make sufficient internal representations so 
that accurate approximations for the maps from the in- 
put patterns to the output  patterns can be made. There 
is no weight connecting input to output that skip the 
hidden layer. 

The neurons have a nonlinear activation function. 
The output Yz of a given neuronal element l obey the 
following equation: 

y, =f(z,) ,  (1) 

where the argument z 1 is either an external stimulus (if 
I is a neuron in the input layer) or is of the form 

ZI ~-" 2 ~Vllm Zm' (2) 
m 

z,, being the output  of the dement  m of the preceding 
layer and WZm the weight connecting the 1 and m neurons. 
The transfer function f(u) is chosen to be a typical sig- 
mold function: 

f(u) = [1 + e x p ( -  u)] - 1. (3) 

In this way, the output values z z of the neuronal ele- 
ments range over the continuum [0, 1]. The output of 
the network is the zt value of the output neuron and 
is determined by the input to the input neurons and 
the values of the different weights Wzm. To " t ra in"  the 
net consists in adjusting the couplings W m to achieve 
a prescribed input-output mapping. In a "supervised 
learning" scheme, the couplings are adjusted in order 
to minimize a "cost  function". Defining Oi as the net- 
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work output when the input Ii is present, and T~ as the 
desired output, the error associated with a possible cost 
function is: 

C(W) = ~ (Oi-  7j) 2 . (4) 
i 

Currently, the most popular method for training this 
type of nets is "backpropagat ion"  (BP; Rumelhart  et al. 
1986b). This process is an iterative one in which, at each 
step, the connection strengths are improved incremental- 
ly by altering them in a way which produces a decrease 
of C(W) by the gradient descent method. The training 
process works as follows: error signals are calculated 
comparing the set of input-output pairs obtained by the 
net with the set of the desired input-output pairs. The 
weights are then incrementally altered using the error 
signals (batch learning). The equation for the increment 
of the weights is given as 

~ + ' = N ~ -  ~ 6 c ( w ) / 6  % ,  (5) 

where the sum is overall inputs. The parameter q is the 
learning rate and is set to a value that ensures conver- 
gence. The time spent in this process is an epoch, the 
basic unit of training time. A complete outline of the 
BP method can be found in Rumelhart  et al. (1986b). 
If the input-output pairs used to train the net constitute 
a sequential time series, the essential idea is that the 
net will be able to approximate the relationships between 
subsequent values. Thus if new inputs, out of the training 
set, are presented, the output of the net will be close 
to corresponding to the "real"  output. The net outputs 
can then be considered as "predictions" of future values 
of the time series. 

Pollen time series: learning and predictions 

The goal of this work was to build a neural network 
that can predict pollen concentrations in the immediate 
future. This objective was to be achieved by means of 
the backpropagation learning scheme explained above. 
The learning of any function [for example y =  sin(x)] 
is made by training the net with a certain quantity of 
pairs (x,y) or [x,g(x)]. The function y = g ( x )  is called 
a "map" .  The network will then be able to approximate 
this map, that is, if the network is fed with the input 
x, the output of the network will be approximately 
y= g(x). The precision of the approximation will depend 
on the number of pairs (x, y) used and the final "cost 
function" obtained in the learning process, which will 
be proportional  to the training time or number of 
epochs. The pollen time series may be considered in 
terms of a map: each member of the series, x 1, is related 
to the next member, x2, by this map, i.e. x2=g(xl). The 
map or function g is, of course, unknown, but the neural 
network may be trained with the pairs (xl,  x2) and after 
the training process the network will approximate this 
unknown map. 

The map associated with the pollen time series is vari- 
able with time. The Lyapunov exponent (Guckenheimer 
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Fig. 2. Learned, predicted and measured values of the 2-h pollen 
concentration time series for September (beginning of spring in 
the southern hemisphere), characterised by its high pollen activity. 
The first 65 values of the 2-h pollen time series of September, used 
as the training set during 100000 epochs are shown in the left 
half of the figure. The agreement of the network outputs and the 
measured values is remarkable. The September predicted values 
of the 2-h time series for the week that follows the days taken 
for learning are shown at the right side. Due to the good agreement 
between the learned and the measured values achieved in the train- 
ing of the net, an excellent correspondence between the measured 
and the predicted values can be obtained. • Measured; o learned/ 
predicted 
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Fig. 3. Learned, predicted and measured values of the 2-h pollen 
concentration time series for June (winter). The left side presents 
the first 65 values of the 2-h pollen time series of June, used as 
the training set during 100000 epochs. The agreement of the net- 
work outputs and the measured values is remarkable. The June 
predicted values of the 2-h time series for the week that follows 
the days taken for learning are shown at the right side. Due to 
the good agreement between the learned and the measured values 
achieved in the training of the net, an excellent correspondence 
between the measured and the predicted values is obtained with 
a low pollen concentration as well as at the peak. • Measured; 
o learned/predicted 

and Holmes 1983) is characteristic of chaotic maps; it 
measures the exponential separation in time of the trajec- 
tories of two infinitesimally close initial points. We have 
estimated the Lyapunov exponent and observed that it 
changes from month to month. These studies of the pol- 
len time series dynamics (to be published elsewhere) indi- 
cate that the dynamic map that produces this time series 
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Fig. 4. Half day prediction: "Multistep" predicted values of pollen 
concentration over 5 days in September. Real measured values 
are also indicated for comparison. To obtain multistep prediction, 
one-step prediction is successively feedback to the neural network 
in such a way that a prediction is obtained half a day in advance. 
No additional learning is required. • Predicted; o measured 

has a characteristic time of around 1 month. Due to 
this fact the learned map with pollen values taken from 
the first days of a month will be a good approximation 
for that month but not for the next one. The studies 
performed also indicate that the Lyapunov exponent or 
degree of unpredictability is greater for September in 
accordance with the fact that this month is the beginning 
of spring in the southern hemisphere. 

There are no strict rules for the choice of the neural 
net architecture, i.e. the number of neurons in each layer. 
The choice being a matter of trial and error. We found 
the best results with a neural net (Fig. 1) composed of 
6 input neurons, 5 neurons in the hidden layer and 1 
output neuron. The single output represents some future 
value of the series we wish to predict. The inputs are 
the components of a reconstructed n-dimensional space 
consisting of successive time-delayed values of the series. 
The method is similar to that used by Weigend et al. 
(1990) to predict annual sunspot numbers. For  example, 
if we represent the series as x(h) where i=  1, 2 . . . .  , L, 
then with T = 1, and using a 6-dimensional phase of space 
beginning with the first value of the part of the pollen 
time series we wish to predict, the first set of inputs 
is x(1),x(2), ..., x(6) and the output we are trying to 
predict is x (7). Similarly, the second set of inputs is x (2), 
x(3) . . . .  , x(7) and the output we are trying to predict 
is x(8). Training continues over all training pairs (set 
of inputs and output) for several thousand iterations. 

The first 65 values of the 2-h pollen time series of 
each month, scaled linearly to the [-0, 1] interval were 
used as the training set during 100000 epochs. The re- 
sults obtained have been analysed and are shown in 
Figs. 2-7. The plots correspond to two quite different 
months: September (with the highest pollen activity) and 
June which can be considered as a typical winter month. 
The dynamic behaviour of the pollen time series ob- 
tained was similar during any month of the year except 
for September. In Fig. 2 the learned, predicted and mea- 
sured values for September are shown. The September 
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Fig. 5. Relative error for half-day prediction values over 5 days 
in September 
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Fig. 6. Half-day prediction: Multistep predicted values of pollen 
concentration over 5 days in June. Real measured values are also 
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Fig. 7. Relative error for half-day prediction values over 5-days 
in June 

predicted values of the 2-h time series for the week that 
follows the days taken for learning are shown in the 
right side of the same figure. Due to the good agreement 
between the learned and the measured values achieved 
in the training of the net, an excellent correspondence 
was obtained between the measured and the predicted 
values. The trained net was able to predict accurately 
the following 2-h value if the 6 measured values up to 
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the "present" moment were used as the net input. The 
correspondence between learned, predicted and mea- 
sured values for the typical month June is shown in 
Fig. 3. 

Although these are accurate predictions, a time inter- 
val 2 h in advance is not sufficient to prevent from high 
pollen concentrations. A reasonable period for advance 
prediction is half a day. A 12 h advance prediction may 
be obtained including in the set of inputs those predicted 
as if they were real inputs: The first input set is 
x(1) . . . . .  x(6) where x(i) are all inputs read from the pol- 
len series. The output is x'(7). The next input set will 
be x(2), ..., x(6), x'(7). Repeating several times, the sixth 
input set will be x'(7) . . . .  , x'(12) where x'(i) are predic- 
tions of the net. This kind of prediction with feedback 
of previous times of prediction is usually known as 
"multistep" prediction. Prediction over 5 days in Sep- 
tember using the described method is shown in Fig. 4 
with the corresponding measured values. The relative 
error for this kind of prediction is shown in Fig. 5. The 
errors are considered as the difference from the measured 
data. To obtain the error from the real concentration 
values, the measurement error must be added. The re- 
sults for multistep prediction over 5 days in June are 
shown in Fig. 6 with the relative error shown in Fig. 7. 
The relative error of the 12-h predictions, although 
greater than that the 2-h predictions, is small and there- 
fore the predictions obtained are a good forecast. 

Conclusions 

The ability of neural nets to predict the future behaviour 
of chaotic systems is used in order to make accurate 
predictions of the airborne pollen concentration, whose 
chaotic character was recently reported (Bianchi et al. 
1992). We have shown that a neural net, trained with 
measured values of pollen concentration, is able to pre- 
dict near future values. Since no environmental parame- 
ters are used in our approach it is not possible to predict 
the day of the year when the pollen flight starts. Thus 
the method may be used after the first appearance of 
the pollen flight. Very good forecasts for the subsequent 
2 h and 12 h respectively were obtained. The operational 
method outlined here constitutes a different point of view 
compared to the traditional forecast using time series 
analysis, which requires input of many meteorological 
parameters. The present method does not require data 
other the pollen concentration values. 

The utilization of this neural network method in prac- 
tice is highly dependent on the possibility of calibration 
of the network, i.e. the availability of historical data and 
corrections on output data. Although the method is ap- 
plied for total pollen concentration, it may be used with 
no modification for the pollen concentration of a particu- 
lar species, if at least 1 month of the time series of interest 
is available. 
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