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Abstract Millions of people have an allergic reac-
tion to pollen. The impact of pollen allergies is on the
rise due to increased pollen levels caused by global
warming and the spread of highly invasive weeds. The
production, release, and dispersal of pollen depend
on the ambient weather conditions. The temperature,
rainfall, humidity, cloud cover, and wind are known to
affect the amount of pollen in the atmosphere. In the
past, various regression techniques have been applied
to estimate and forecast the daily pollen concentration
in the atmosphere based on the weather conditions. In
this research, machine learning methods were applied
to the Next Generation Weather Radar (NEXRAD)
data to estimate the daily Ambrosia pollen over a
300 km × 300 km region centered on a NEXRAD
weather radar. The Neural Network and Random For-
est machine learning methods have been employed to
develop separate models to estimate Ambrosia pollen
over the region. A feasible way of estimating the daily
pollen concentration using only the NEXRAD radar
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data and machine learning methods would lay the
foundation to forecast daily pollen at a fine spatial
resolution nationally.
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Introduction

Plants producing large amount of pollen such asAmbrosia
artemisiifolia (common ragweed) are becoming inva-
sive (Laaidi et al. 2003). Consequently, seasonal aller-
gies due to pollen are widespread. Large numbers
of people in the northern temperate regions, such as
North America and Europe, are affected by pollen.
For example, about 50 million adult Americans, and
nearly one-tenth of children below the age of 18, have
experienced some form of allergic reaction to pollen
(Howard and Levetin 2014). Similarly, in Europe, it is
believed that more than 30 million people are allergic
to ragweed pollen, and the number of affected peo-
ple is expected to double by 2041–2060 (Lake et al.
2016). This is a sharp increase compared with the 15
million people affected by pollen in 1991 (D’Amato
and Spieksma 1991).

The recently high impact of allergic pollen is
associated with global climate change. Climate change
affects the growing region, the amount of pollen in
the atmosphere, and the onset and end dates of a
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pollen season (Kinney 2008; Voukantsis et al. 2010;
D’Amato et al. 2011). Other major air pollutants such
as CO2 and NO2 are also known to affect the abun-
dance and allergic potency of pollen (Wayne et al.
2002; Zhao et al. 2016).

Weather conditions are important for the produc-
tion, release, and dispersal of pollen from the source
plants. Previous studies have shown that atmospheric
parameters such as temperature (mean, minimum,
maximum), wind speed and direction, humidity, cloud
coverage, and precipitation are among the top envi-
ronmental predictors of pollen (Howard and Levetin
2014; Stark et al. 1997; Molina et al. 2001; Kasprzyk
2008).

These environmental variables can be used together
with advanced mathematical regression and machine
learning methods to estimate the daily pollen con-
centration in the atmosphere. Previous studies used
less advanced regression techniques such as linear
regression and the polynomial fits to these environ-
mental variables to estimate the airborne pollen abun-
dance (Sánchez-Mesa et al. 2002). It has been found
that using the NEXRAD weather measurements with
machine learning also provides the capability to esti-
mate pollen over a large spatial scale and open up the
opportunity for providing pollen alerts on a much finer
spatial scale than previously possible.

The NEXRAD radar network measures the direc-
tion and speed of the wind, both directly associated
with the release and dispersal of pollen. High radar
reflectivity values are associated with precipitation,
rainfall, and cloud coverage which are controlling
variables for pollen production and release. Low radar
reflectivity values are characteristic of clear skies.
Spectral width measurements of the weather radar
indicate the presence/absence of thunderstorms. Thun-
derstorms are associated with high asthma outbreaks,
especially during the pollen season (D’Amato et al.
2007).

In this paper, a pollen estimation capability is pre-
sented using only the NEXRAD radar measurements.
The paper is a continuation of the first article Zewdie
et al. (in press 2019) which used environmental and
NEXRAD radar measurements to estimate pollen. In
this study, we use both the Random Forest and Neu-
ral Network machine learning methods to develop two
different models to estimate pollen using only the
NEXRAD radar measurements. The models are devel-
oped employing the NEXRAD measurements at the

two lowest elevations plus the wind vectors at a square
area of 10 km × 10 km centered at the pollen observa-
tion site. The models are then applied over a 300 km
by 300 km region at a resolution of 0.5 km × 0.5 km
(excluding pixels having no radar measurements).

Materials and methods

Machine learning

Machine learning employs mathematical and statisti-
cal approaches that ‘learn’ by example from a training
data set. Ideally, the training dataset should be a large
sample of data containing as many relevant predictors
as possible. Machine learning is suitable for prob-
lems in which we do not have the exact theoretical
functional relation between the output parameter(s)
one would like to estimate and the available set of
predictors. In this case, we use the machine learning
to ‘learn’ from the data and to develop an empirical
model. The training data is randomly partitioned using
the k-fold method (Kohavi 1995) into a portion used
for training the machine learning models and a portion
used as an independent validation dataset to test the
performance of our model.

Previously, a few studies have employed advanced
machine learning methods to estimate pollen using
environmental parameters as predictors (Csépe et al.
2014; Rodrı́guez-Rajo et al. 2010; Arizmendi et al.
1993; Sánchez-Mesa et al. 2002). Most of them
involve ground based meteorological parameters such
as mean, minimum, maximum and range temperature,
relative humidity, rainfall, wind speed, and air pres-
sure as input predictors. Few studies (Lary et al., 2018;
Liu et al., 2017; Nowosad, 2016) used climate model
data as predictors. In this study, we used only the
NEXRAD radar measurements of reflectivity, spectral
width, and Doppler velocity at the lowest elevations as
well as the direction and speed of wind as predictors
for the machine learning to estimate daily Ambrosia
pollen.

Here, two popular machine learning methods have
been used, Neural Networks and Random Forests.
The Neural Network machine learning algorithm is a
multivariate nonparametric approach that mimics the
interconnection and information flow of the neuron’s
in the human brain (Lary 2010; Haykin 1994; Haykin
2009, 2001). Information is passed to a receiving
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Fig. 1 Example of a Neural
Network architecture with
N input variables, four
hidden neurons and one
output layer

neuron as a weighted sum of the inputs. The weights
are optimized for the synaptic learning. The receiving
neuron computes the activation function, f , as shown
in Eq. 2 where b represents the bias and wij is the
weight from the ith to the j th neuron. The training is
iterative and both the biases and weights start out as
random numbers. Figure 1 shows the Neural Network
architecture, with input, hidden, and output layers.
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Random Forests are an effective machine learn-
ing approach for both classification and regression
(Breiman 2001). Random Forest works on the basis of
random subspaces and bagging (Verikas et al. 2011).
An ensemble of trees (Fig. 2) are grown by taking a
random sample from the training data (Breiman 2001;
Biau et al. 2008). At each node along the tree, a ran-
dom subset of input parameters are selected to find
the best split among those predictors. After the trees
are grown to the maximum depth, they vote (for clas-
sification) and average (for regression) to obtain pre-
diction for the new sample. Predictions are made by

aggregating predictions of all the random subspaces,
i.e., averaging for regression and majority vote for the
case of classification (Liaw and Wiener 2002).

The Random Forest can highlight the most impor-
tant variables by estimating the increase in the out-of-
bag (OOB) error when the variable is permuted while
fixing the other variables (Liaw and Wiener 2002).

NEXRAD data

The NEXRAD radar network includes about 160
interconnected weather radars sampling the atmo-
sphere in three dimensions. This information makes
a significant contribution to modern weather forecast-
ing. The primary products are the reflectivity, provid-
ing the amount of scattering from different sources
ranging from large aerosols to precipitation and cloud
coverage. The spectral width, providing the turbulent
state of the scatterers showing their velocity field. The
Doppler velocity, providing the line of sight speed of
the scatterers, which in most cases is the wind field.

Recently, the radar networks have been upgraded to
double (the horizontal and vertical) polarization sig-
nals making them suitable to derive three additional
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Fig. 2 Showing the Random Forest general structure consisting of n trees

measurements, the polarimetric parameters. The pola-
rimetric measurements are useful for aerosol size
and shape identification thereby inferring the type of
aerosol. The polarimetric measurements include the
differential reflectivity, differential phase, and cor-
relation coefficient. They are derived based on the
horizontal and vertical polarization signals. Due to
limited availability of the newer polarimetric and large
data requirement of the machine learning, use of the
polarimetric data is not within the scope of this study.

Pollen observation

Observations of pollen at The University of Tulsa
(geographic location: 36.1511◦ N, 95.9446◦ W) have

been made on a routine basis since 1987. Detailed
description of the pollen data used to supervise the
Neural Network and Random Forest machine learning
methods is presented by Howard and Levetin (2014).
The Burkhard trap apparatus was placed at the top of
a building which is 12 m from the ground. Inside the
Burkhard trap, a sticky plate is attached to a drum
that rotates at 2 mm per h in order to let in air
through a small orifice. Pollen entering though the ori-
fice will become affixed to a sticky tape. At the end
of the week of sampling, the tape is cut into daily
lengths (48 mm) and the sample carefully observed
under a microscope at a magnification of × 400
after applying a solution of glycerin jelly and fuchsin
stain.

Fig. 3 Showing the actual
Ambrosia pollen data used
to train the Neural Network
and Random Forest
machine learning methods
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For this study, the NEXRAD radar located at
36.1750◦ N, 95.5644◦ W which is about 34 km
from the University of Tulsa is used to derive the
radar measurements. NEXRAD measurements are rel-
atively fully accessible since 1995. Consequently, we
have used the pollen observations made from 1995
to 2014 to train our machine learning algorithms.
The data consisting of 8 predictors, all of which are
NEXRAD measurements of reflectivity, line of sight
Doppler velocity, and spectral width at the lower two
elevations plus the direction and speed of wind near
the surface were combined with the time series of
pollen count data and then separated into training set
and test set. The ratio of the training and test set is
roughly 90 to 10%.

Figure 3 shows the actual pollen data used to super-
vise the machine learning. A preliminary analysis
shows that the Neural Network and Support Vec-
tor machine learning methods work better when the
response data and the predictors are normalized. Con-
sequently, we used a simple normalization technique

by dividing each parameter by its maximum value.
However, we observed that the Random Forest did not
require any data normalization.

Results and discussion

After partitioning using the k-fold random sampling,
the training data is then used to develop the model for
the Neural Network and Random Forest methods. The
Random Forest model is developed using an ensem-
ble of 200 decision trees. We observed the out-of-bag
error converges to its minimum after around 100 trees.
The feed-forward architecture with 20 hidden num-
ber of neurons and the Levenberg-Marquardt training
function is used for Neural Network machine learning
method (Hagan and Menhaj 1994).

Figure 4 shows the predictions made by the Neu-
ral Network, Random Forest, and iterative Random
Forest methods using the same data used to develop
the model. Panel a shows a prediction made by the

Fig. 4 Estimating the daily
Ambrosia pollen using the
training data to predict the
normalized pollen. Panels a,
b and c present the
predicted pollen using,
respectively, the Neural
Network, Random Forest
and iterative Random Forest
machine learning methods.
The actual pollen data is
normalized before using for
the training
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Fig. 5 Scatter diagrams showing the performance of the vari-
ous machine learning algorithms. Results of the Random Forest
(RF) and Neural Network (NN) are shown, respectively, in

panels (a) and (b). The iterative method applied to the Random
Forest is given by panel (c)

feed-forward Neural Network, panel b gives predic-
tions using the Random Forest, and panel c presents
predictions of the iterative Random Forest after about
10 iterations. In all cases, the black curve shows the
actual pollen used to supervise the training and the
green, red, and blue curves are predictions using the
input parameters used to train the model. The high cor-
relation coefficients between the actual and predicted
pollen are expected for the training data set.

Scatter plots of results of the model estimates using
the 10% data withheld for independent validation are
shown in Fig. 5. In this figure, the validation data
(shown as red squares) is totally independent and
was not used to develop the models. Panel a presents
results from the Random Forest for the training data
(black circles) and independent validation data (red
squares). In this case, the Random Forest is used
without incorporating the error corrections in the iter-
ative training. Panel b shows results obtained using
the feed-forward Neural Network for the training data
(black circles) and validation data (red squares). From
panel a and panel b in Fig. 5, we observe that both the

Random Forest and Neural Network machine learning
methods produced comparable results with the Neu-
ral Network producing slightly better results than the
Random Forest in estimating the pollen data.

Panels c and d in Fig. 5 show error plots of the Ran-
dom Forest at the first and 10th iteration respectively
for the training and independent validation data. The
Random Forest is trained with 200 trees. We observe
that the error values are highly reduced and the corre-
lation coefficient converges towards one as the num-
ber of iterations increases. After a few iterations, the
iterative Random Forest significantly improved the
results for the cross validation dataset.

Panel a in Fig. 6 shows the output of the model
using the 10% independent validation data. In this
case, the estimated pollen is compared with the actual
pollen retained for independent cross validation. Both
the Neural Network and Random Forest models pro-
duced comparable results. However, the application of
the Random Forest to estimate the error iteratively has
shown superior performance. Plots of the correlation
coefficient between actual pollen and estimated pollen
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Fig. 6 Panel a a time-series
plot showing the
independent validation for
the Random Forest, Neural
Network and the iterative
improvement R andom
Forest. Panel b shows the
plot of the correlation
coefficient as a function of
the number of iterations
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for a few iterative Random Forest for both the training
and cross validation data are shown in Fig. 6 panel b.
We see that after a few iterations, the correlation coef-
ficient value converges towards 1 for both the training
and validation datasets.

Neural Network and Random Forest machine learn-
ing models were developed using the NEXRAD
weather radar data at a 10 km × 10 km pixel cen-
tered at the pollen collection site. The eight predictor
variables presented in “NEXRAD data” and the pollen
measurement are used to train the models. The models
are then applied to all available pixels over the 300 km
× 300 km region centered on the NEXRAD weather
radar.

Figure 7 shows example results of the application
of the Neural Network and iterative Random Forest
for all pixels over the 300 km × 300 km region for
28 October 2008. Panels a and b, respectively, show
results of the Random Forest and Neural Network

machine learning methods applied to all pixels. The
approaches used by the Random Forest and Neural
Network are completely independent. The Random
Forest uses the principle of random sampling of the
data to grow forest of trees for bagging (Breiman
2001; Verikas et al. 2011) whereas the Neural Net-
work works based on the analogy of the connection
and information flow in the human brain. Despite very
different approaches used by the Neural Networks and
Random Forest, the two machine learning methods
highlighted high levels of pollen in approximately the
same regions.

In Fig. 7, we observed interesting pollen distribu-
tion structures that presumably are associated with
the wind direction and speed. Further analysis of the
distribution of the ragweed plant over the region in
relation to the direction and speed of the wind is
needed to describe the pollen structures shown in
Fig. 7.
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Fig. 7 Map showing the
pollen distribution using the
Random Forest (panel a)
and Neural Network
(panel b) machine learning
methods for 28 October
2008.
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Conclusion

In this paper, we used the NEXRAD radar measure-
ments of reflectivity, line of sight Doppler velocity,
spectral width at the lowest two elevations, direction and
speed of wind, and machine learning to estimate the
daily Ambrosia pollen at the University of Tulsa, Okla-
homa. Random Forest and Neural Network machine
learning models were developed for a 10 km × 10 km
region. The models are developed using the training
data and validated by an independent data obtained
using the k-fold random partitioning technique. The
models were applied to both the training dataset and the
independent validation dataset. The validation results
using the training data back into the model show that
both the Neural Network and Random Forest models
produced results having a high correlation coefficient.
The model performance using the independent vali-
dation dataset was good. We also applied an iterative
approach where we performed error estimation and
error correction on our Random Forest estimates.

The model developed over the 10 km × 10 km
region was then applied to estimate pollen using
the predictor variables over a 300 km × 300 km
region. The results show that the two machine learn-
ing approaches produced pollen distribution maps
highlighting relatively similar pollen abundance over
similar areas. The potential estimation of pollen from
the NEXRAD data without using other environmental
measurements will lay the foundation to predict aller-
gic pollen of different species (provided their size is
detectable by the NEXRAD radar) over a large spatial
scale covered by NEXRAD weather radars.
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