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Physical damage to property and crops caused by unanticipated wind gusts is a well understood
phenomenon. Predicting its occurrence continues to be a challenge for meteorologists and climatol-
ogists. Various approaches to gust occurrence model building have been proposed. The very nature of
the event is problematic because of its brief duration following a rapid change of state in wind velocity
that immediately precedes it. Events classified as wind gusts have a typical duration of less than 20 s
and are often much shorter. The rapidly accelerating wind velocity preceding them is often not
apparent until the gust occurs. They come quickly, occur suddenly, and then end as abruptly as
they began.

Observations of 2000 gust events were made during the research to which this paper refers. These
observations indicated a mean interval of 3.2 min between the beginning and end of wind velocity
change and a noticeable linear progression in the acceleration pattern. It was also noted that state
changes regularly occur, often over only seconds in time. In combination, these factors pose both a
sampling and a data interpretation challenge, making reliable prediction difficult. This paper describes
some new research undertaken to investigate methods of wind gust measurement and prediction. In
particular, a machine-learning approach is taken to determine a satisfactory analytical process and to
produce meaningful and useful results. An algorithm for use with real-time climate data collection and
analysis is proposed, with a description of its implementation. Real-time data sampling provides input
for this study using terrestrial sensor telemetry. Near-ground truth data are recorded independent of
geostrophic upper atmosphere conditions.

© 2011 Elsevier Ltd. All rights reserved.

1. Introduction

Numerous studies relating to the wind gust problem have
been carried out using deterministic, probabilistic, and stochastic

The term prediction, when formally defined, may not be the
best way to consider the expectation of a future wind gust event.
Forecasting and prediction are concerned with estimating the
state of a dynamical system using historical data. Instead, antici-
pation can be achieved by analyzing several factors present at a
point in time, so that we can give an estimate of the likelihood of
a gust event for the next period. In this paper, we propose an
operational prediction system based on observed climatic condi-
tions using near-surface half-hourly averaged observations.

Gusts, if considered as intrinsically unpredictable events, are
complex in nature because of the complicated superposition of
explanatory variables. Defining these variables and their relation-
ships is nontrivial. Exposing these for processing by a machine-
learning algorithm such that wind events may be reliably antici-
pated is at the heart of the work described in this paper.
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models, but none conclusively indicates a single robust method
for predicting gust events (Sfetsos, 2000; Alexiadis et al., 1998).
Work reported in Bierbooms (2005) utilizes a constrained sto-
chastic simulation introducing a wind turbulence variable for
discrete events (similar, it is said, to the autocorrelation function
of turbulence). This study demonstrated that for wind turbines,
the generation of stochastic time series was useful for producing
reliable results. In another study where computational neural
networks were used to predict wind speed, it was noted that
existing forecasting systems are capable of providing realistic
atmosphere dynamic approximations (Mohandes et al., 1998).
They showed that to ensure the stability of the numerical
methods used, a data assimilation process is needed to represent
what is considered a sparse and noisy set of observations.
According to U.S. weather observation practice, gusts are reported
when the peak wind speed (pws) reaches at least 16 knots and the
variation in wind speed (vws) between the peaks and lulls is at
least 9 knots (see Cook and Gruenbacher, 2008). If we add to these
two variables pws and vws the mean velocity acceleration (mva)
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of say 3.2 min and O gust duration (gd) of between 1 and 20 s, we
can consider a complex yet interdependent variable set for the
prediction of a gust event (where gp=1 or “true”) with the
Boolean expression form

(if pws > =16 and vws > =9) and

(if mva=3.2 and gd>1 or gd<20) then gp=1

This expression can be considered suitable for algorithmic
implementation where real-time data are processed as a constant
stream input.

The physical considerations that lead to wind gusts have been
studied, describing a wind gust estimate as a deterministic
function of the atmospheric turbulence and wind speed in the
boundary layer (Brasseur, 2001). Wind gusts, as with other
natural phenomena, are usually regarded as unpredictable. There-
fore, we consider that for any model of these, some randomizing
element should be incorporated for the unexplained variation. For
this reason, it was felt sufficient for this study to model near-
ground truth data in an endeavor to prove the prediction algo-
rithm. Moreover, it has recently been noted that the accuracy of
the physical model is highly dependent on the quality of the
simulated flow (Agtstsson and Olafsson, 2009). Further research
has concentrated on factor derivation for gusts based on wind
speed state changes with acceleration and deceleration deriva-
tives over time (v=dx/dt), and in some cases, as for recent
research in wind turbine placement research, this has been shown
to be best treated as a stochastic rather than deterministic process
(Lei et al., 2009).

Using an alternative methodology, other recent research has
used microwave radiometer data to improve the so-called gust
expectancy (GUSTEX) by using empirical information provided
twice daily (Chan and Wong, 2008). The authors proposed this
model to closely monitor these mostly unpredictable events,
especially during the seasons of spring and summer, when they
are most prevalent. The prediction method relies almost entirely
on wind velocity acceleration and mean peak force against
deceleration over time. Diurnal and seasonal variations are
necessary algorithmic factors, which implies that any analytical
method should monitor data over long periods of time and
certainly at least over a four-season period.

In this paper, a new approach to data analysis and problem
solution based on empirical relationships is proposed. Some a
priori assumptions relating near-surface air pressure, tempera-
ture, and humidity as wind gust event factors were tested using
real-time data gathered from a global network of climate mon-
itoring stations. This network of instrument sets is being used for
micro-climate monitoring and modeling in vineyards and is the
subject of a wider research program participated in by the authors
in Sallis et al. (2008). Although these data comes from a relatively
short time period (2 y at best), they do indicate that the a priori
assumptions produce a reliable classification dependency set
(0.76) when processed using a multilayer perceptron (MLP)
algorithm implemented by Weka,! a published data mining
product. Running experiments with a linear regression algorithm
also produced a convincing result, sufficient to determine for the
researchers that further work could result from the construction
of a new transform-function-based algorithm. This points to the
potential development of a machine-learning solution for pre-
dicting wind gusts that could use a richer data set than those
available in the past, including other variables such as air
temperature and humidity. This is considered a unique approach
to solving the wind gust problem, yet one that requires significant
experimentation with large data sets in order to prove its

1 http://www.cs.waikato.ac.nz/ml/weka/index.html

veracity. This potential result is supported by previous studies
(e.g., Kretzschmar et al., 2004; Gneiting et al., 2006), where the
investigation of problems with similar characteristics led to the
conclusion that more variables were needed to adequately model
the complexities of random events in nature.

The research methodology described below is a procedure for
preprocessing sample data prior to applying the analytical algo-
rithms chosen for testing. The initial data exploration process and
visualization of results are also outlined. A brief description of the
models tested and their results is given. Finally, the implementa-
tion of this methodology for use in an operational real-time
monitoring system is presented with a discussion of conclusions
from the study.

2. Research methodology

For the purposes of this research, several algorithms were
examined for goodness of fit. These algorithms are described in
Section 7. The algorithms were tested using continuous stream
sampling from six climate data collection locations in three
countries. The purpose of this sample structure is to demonstrate
consistency of analysis and results from disparate geographical
locations, and therefore the potential generalizability of the
method. In the first instance, to establish the analytical frame-
work for the study, a single location was used with data sets of
seven attributes, which are examined with a total of 1906 records
recorded daily in a Northern New Zealand Winery at Kumeu River
http://www.kumeuriver.co.nz. In the second study both this site
and a second site in Chile (Casa Donoso vineyard http://www.
casadonoso.cl) were used with the same seven variables. Based on
assumptions that the relationship between those seven variables
would lead to a prediction of gust events in the coming days, a
predictive model was built using decision trees, logistic regres-
sion, and multilayer perceptron (MLP) neural network algorithms.
These algorithms were evaluated for their performance using a
comparative accuracy matrix algorithm and the results from this
analysis are discussed.

3. Description of the data

The initial single-location data set for this study records seven
meteorological attributes. The input features selected for the
classifiers were hour of day, temperature, humidity, rainfall,
pressure, wind speed, and dew point. Dew point is a derived
value but is necessary to establish a value point in this data set.
Analysis of the data from the Kumeu weather station was carried
out for three 40-day periods in February, April, and June of 2009.
The attributes are time-dependent and are recorded daily every
half hour. The gust variable, although recorded as numeric, was
transformed into a binary variable indicating the existence or
absence of a gust event. Initial tests with 1-min and 1-h sampling
intervals suggested either too short or too long a period for
prediction, based on the 3.2-min event separation average deter-
mined in early observations. Given that not every wind velocity
acceleration resulted in a gust, it was decided to sample at 30-min
intervals from the continuous data recorded by the sensors.

We then conducted a second set of tests where the three best
performing models were evaluated on two 90-day data sets; one
from Casa Donoso in the Maule Region of Chile and one from
Kumeu River in Northern New Zealand. By examining the rela-
tionship among these attributes, an algorithm can be constructed
that provides as output indications of the likelihood of a
gust event.
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4. Data preprocessing

In the first experiment there are a total of seven input
attributes with 1906 records in the data set. These records have
been separated into two sets labeled as training and testing sets,
with the first 66% (1258 records) of the records in the training set
and the last 34% in the test set. All variables other than Gust are
numeric. As mentioned above, Gust was transformed to a 0/1
nominal variable (0, no gust; 1, yes gust). Date was ignored but
time of day was included.

The second experiment consisted of similar data, but collected
over a 90-day period beginning June 22, 2010. Two sets of data
were from separate locations. There are no missing data values in
the data sets. There are a few outliers, which may be the result of
extreme weather patterns on certain hours of some days. These
are accounted for in the analysis and the results described in
Section 8.

5. Data exploration and visualization

The following will refer to the April data from the Kumeu site.
The data for February and June will not be described here, but the
remarks extend to these months without significant deviation.
The histogram of each attribute was visualized to reflect their
distributions and class positions in each attribute, as shown in
Fig. 1. False represents class 0, no gust, and True is class 1, yes
gust.

When the histograms in Fig. 1, are observed, none of the

and above may indicate the potential occurrence of a gust event.
Conversely, when a lower temperature prevails, a gust event is
unlikely. Table 1 shows the maximum, minimum, mean, and
standard deviation for the first experiment data.

The humidity histogram in Fig. 1b shows both the data and
class distribution of the humidity. The histogram is skewed to the
left, indicating that large portion of data are associated with
higher humidity. The occurrence of class 1 can be seen through-
out the distribution. The histogram for pressure is skewed to the
left, as almost all the pressure falls below 1030.4 hp. Very few
records are above 1039.4, and there are outliers in the data set
(see Fig. 1d). There is no clear distinction between classes 0 and
1 according to changes in atmospheric pressure.

The histogram for the wind speed variable is skewed to the left
with a large portion of data exhibiting low wind speed (see
Fig. 1f). According to Kretzschmar (2002), the skew between weak
and severe winds is on the order of 100:1. We can observe here
that there are a few outliers in this variable. Moreover, the
histogram also indicates that the occurrence of class 1 increases
as wind speed increases. By examining scatterplots in Fig. 2,
relationships between pairs of variables are observed. It appears
that in a specific range of temperature and wind speed values,
occurrences of wind gust events are likely.

On further analysis, though, we note a peculiar relationship
between future gust events (30 min in the future) and current

Table 1
Basic statistics for data in the training set.
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Fig. 1. Distribution of variables and classes. False indicates no gust. True indicates gust event. (a) Temperature. (b) Humidity. (c) Dew point. (d) Pressure. (e) Rainfall.

(f) Wind speed.
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Fig. 2. Scatterplot of climate data and gust event.

wind speed in the scatterplot in Fig. 3. In the figure, the black
overlay indicates no future gust event and the red overlay shows
the presence of a future gust event. It can be observed that a
predominance of the records without a future gust event have
current low wind speeds. This leads to the conclusion that wind
gust events are intrinsically the result of a complex set of
variables and dependency values. The prediction of unknown
values is therefore difficult. To strengthen the findings from the
results represented in the histograms and scatterplots, a number
of data mining algorithms are tested and compared to determine
dependency relationships for the data sets.

6. Initial regression model

For initial exploration of the data a multivariate regression was
used, which resulted in a multiple R value of 0.6976 and an
adjusted R? value of 0.4866. The coefficients for this model are
given in Table 2. This was considered sufficient to determine that
further work could result in the construction of a new transform-
function-based algorithm for predicting wind gusts if a richer data
set including air temperature and humidity factors was used.

7. Models tested
7.1. Logistic regression

Logistic regression is a statistical model that is used when the
outcome is binary in nature. It relates the log odds of Pr(event) to
a linear combination of predictor variables. In the experiments
described here, a multinomial logistic regression model with a
ridge estimator is used, as described by Kretzschmar (2002). This

method has been shown in our studies to be both fast and
accurate for classification tasks (Le Cessie, 1992).

7.2. Neural network

An artificial neural network (also referred to here as a multi-
layer perceptron or MLP) is a model used to predict outcomes
based on inputs. It consists of an interconnected group of artificial
neurons. Neural networks are nonlinear statistical modeling tools
and can be used for supervised or unsupervised variable relation-
ship or dependency learning (Lim and Shih, 2000; Hastie et al.,
2001). Here they are used for supervised learning.

7.3. Simple logistic

This is a classifier for building linear logistic regression models.
LogitBoost with simple regression functions as base learners is
used for fitting the logistic model (Landwehr and Frank, 2005;
Sumner et al., 2005).

7.4. The C4.5 tree (J48)

The C4.5 algorithm (Quinlan, 1993) constructs a decision tree
using the concept of information entropy. At each node C4.5
chooses one covariate that most effectively separates the records
into those within one of the binary classifications and those
within the other binary classifications. The method only allows
symbolic output fields, but C4.5 can support splits at each node
that result in more than two subgroups for symbolic predictor
fields.
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Fig. 3. Scatterplot of climate data and occurrence of a future gust event. (For interpretation of the references to color in this figure legend, the reader is referred to the web

version of this article.)

Table 2
Coefficients of the regression model.

Coefficients Standard error tStat P-value
Intercept 58.52714817  14.08631772 4.154893376 3.37E—05
Hour 0.202377739  0.023742201 8.523967039 2.67E—17
Temperature  2.194109471 0.677288728 3.239548185 0.001213
Humidity 0.620366511 0.142303147 4359471481 1.36E—05
Rainfall 0.000975886  0.000855243 —1.1410626 0.253957
Pressure 0.002970214  0.003334494 —0.890754001 0.37315
Wind speed 0.885637433  0.032334569  27.38980188  4.5E—144
Dew point 2.388886641 0.688340246 3.470502641 0.000529

7.5. Simple CART tree

The CART (classification and regression trees) algorithm is a
nonparametric technique that can handle categorical or numeric
dependent variables and this distinguishes it from other decision
trees methods such as C4.5. It produces binary splits at each node
(Breiman et al., 1984).

8. Results from experiments
8.1. Data classification

As mentioned above, the analytical algorithms used with this
data are from the data mining software suite WEKA. They are
particularly appropriate when examining continuous time-
dependent attribute value vectors. In particular, the implementa-
tions of classification algorithms for MLP neural networks, logistic
regression, simple logistic regression, and J48 were tested. The J48

algorithm is Weka’s implementation of the C4.5 decision tree as
outlined in Quinlan (1993). Random Forests and Simple Cart,
which is Weka’s implementation of CART, are described in
Breiman et al. (1984) and Breiman (2001).

The algorithms were tested on three sets of data, each of 40
days duration. Each 40-day set was structured in four ways. They
were tested with and without the inclusion of the wind para-
meter. Additionally, the current gust event was tested, and then
further with gust events occurring 30 min in the future.
The sampling times for data collection at the various sites
are currently set at 30-min intervals. So the following tests were
conducted:

1. A data set with wind speed included in the set of input
variables was used to predict the occurrence of a gust event
occurring at the same instant that the input variables were
recorded.

2. A data set with wind speed excluded from the set of input
variables was used to predict the occurrence of a gust event
occurring at the same instant that the input variables were
recorded.

3. A data set with wind speed excluded from the set of input
variables was used to predict the occurrence of a gust event
occurring 30 min after the input variables were recorded.

4. A data set with wind speed included was used to predict the
occurrence of a gust event occurring 30 min after the input
variables were recorded.

Thus, there were 3 x 4=12 variations of the data. These 12
variations of the data were tested on the six classification
algorithms mentioned above. The resulting 12 x 6 table is given
in Table 3.
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Table 3
Gust prediction over three 40-day periods beginning in February, April, and June of
2009. Six models tested with four different data sets.

Data sets Neural Logistic Simple J48 Random Simple
net logistic tree  forest Cart
April_NWS 75.49 73.54 73.54 76.94 73.54 77.06
April_WS 91.02 95.27 95.39 95.63 95.02 95.15
Apri_Lag WS  78.88 8143 83.13 86.77 77.06 87.01
April_Lag_NWS 75.97 70.63 71.6 72.57 74.64 75.12
Feb_NWS 85.93 85.82 85.82 7837 72.81 64.89
Feb_WS 91.02 92.67 922 91.02 91.37 91.37
Feb_Lag WS 84.99 85.82 82.39 79.31 79.91 74.7
Feb_Lag NWS 87.83 89.72  90.07 88.53 86.29 88.42
Jun_NWS 72.27 7544  76.39 68.46 72.27 72.27
Jun_WS 92.39 9429 94.29 94.45 93.98 94.14
Jun_Lag_WS 83.2 83.52 83.36 79.56 81.62 82.73
Jun_Lag_NWS  74.33 77.5 76.7 7227 7021 72.27
Table 4
Nomenclature used in Table 3.
Description
NWS Predicted gust simultaneously with inputs, wind speed NOT
included as input
WS Predicted gust simultaneously with inputs, wind speed included as
input

Lag NWS Input lagged by 30 min, wind speed NOT included as input
Lag WS Input lagged by 30 min, wind speed included as input

8.2. Comparison of models

Table 3 shows the results of the initial round of tests. It has
already been noted that wind speed is highly correlated with the
gust event. If wind speed is included, the current gust event
should be predictable with a high degree of accuracy. This is
confirmed in Table 3 in the data sets labeled April_WS, Feb_WS,
and Jun_WS. Table 4 Describes the nomenclature used in Table 3.
Although the predictions where the input data and the output
data are both recorded at the same instant manifest the highest
levels of accuracy, they are less useful because they appear to be
unactionable. It is of course, desirable to predict future gust
events rather than only current gust events. The prediction of
current gust events has an average accuracy of 93.37%. The
average for all three of these 40-day data sets is 84.39. SimpleCart
is the best-performing model, with an accuracy of 86.05, followed
by simple logistic and J48, with accuracies of 85.52 and 84.95,
respectively. The relationship between gusts and wind speed,
together with the other variables in the set, appears to be mildly
nonlinear. This would suggest using linear regression for a better
fit than with neural networks.

With these tests completed, the three best-performing models
(simple logistic, J48 tree, and SimpleCart) were evaluated. These
experiments used 2 x 90-day data sets; one from Casa Donoso in
the Maule Region of Chile and one from Kumeu River in Northern
New Zealand. This was the second round of experiments. Class
imbalances were addressed by using SMOTE (synthetic minority
over-sampling technique) (see Chawla et al., 2002). Table 5 shows
the three models compared with a baseline of ZeroR. ZeroR is a
classifier that simply predicts the mean (for a numeric class) or
the mode (for a nominal class). The ZeroR model does not take
into account input variables and therefore, allows for a measure
of improvement of other models over chance prediction (the
ZeroR predictions).

In Table 5, the bold type face indicates models with superior
performance at the 5% significance level as compared with a
baseline determined by the simple logistic model.

Table 5
Best-performing models compared with the baseline ZeroR model.

Data set ZeroR Simple logistic Simple Cart 148

Casa Donoso 58.25 88.79 89.30 89.60

Kumeu 55.41 87.78 87.59 87.53
Table 6

Overall accuracy for three models tested on two 90-day data sets.

Data set Simple logistic Simple Cart 148

Casa Donoso 84.28 (1.08) 89.60 (1.02) 89.30 (0.88)

Kumeu 85.44 (0.89) 87.53 (0.88) 87.59 (0.86)
Table 7

False positive rates for three models tested on two 90-day data sets.

Data set Simple logistic Simple Cart J48
Casa Donoso 0.12 (0.01) 0.07 (0.02) 0.08 (0.01)
Kumeu 0.11 (0.01) 0.14 (0.02) 0.13 (0.01)

Simple Cart is now used as a baseline model in Table 6, which
shows that J48 and SimpleCart performed better than the baseline
at the 5% significance level. Numbers in parentheses to the right
of accuracy are standard deviations for the (10 x 10)-fold cross-
validation tests.

Tests for FPR (false positive rate) were conducted because
reduction of this measure is necessary to catch the occurrence of a
gust event even at the expense of generating a false alarm. Table 7
shows the results. In terms of the false positive rate the results are
not determinative, as they differ on the two data sets. On the Casa
Donoso set, J48 and SimpleCart outperform simple logistic regres-
sion, but on the Kumeu data set, simple logistic performs better.
In terms of average over the two data sets, simple logistic
performed best, with 11.5% as compared with J48 and SimpleCart,
both with 10.5% FPR. The overall average FPR for the 3 models
was 10.8%.

In Table 7, the bold type face indicates models with superior
performance (false positive rate is higher) at the 5% significance
level as compared with a baseline determined by the simple
logistic model. The numbers in parentheses to the right of
accuracy are standard deviations for the (10 x 10)-fold cross-
validation tests.

8.3. The J48 tree visualization

A decision tree (Fig. 4) was constructed using the J48 algo-
rithm with both default parameters and an unfiltered data set.
Among the algorithms tested, the decision tree offers the oppor-
tunity for visualizing how the classification of gust (0,1) is
obtained through the attributes.

When wind speed is less than 2.8, there are no gust events
predicted. There were 6308 cases predicted accurately and 178
cases incorrectly identified. If wind speed is greater than 2.8 and
greater than 8.6, then a gust event is predicted (with 829 cases
predicted accurately and 214 predicted incorrectly). The tree can
be followed and read in this way. In summary, a gust event will
occur only when one of the following sets of conditions are met.
(See the red arrows on the tree).
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Fig. 4. 48 decision tree.

9. Binding the algorithm into an operational real-time
climate monitoring system

The Simple Cart method generates a decision tree, which,
when converted into a set of induction rules (Fig. 4), can be
viewed as a prealgorithmic description for a computer program
that can be used to monitor data from weather stations or climate
sampling instruments. The program could potentially anticipate/
predict wind gusts using this approach. To test this proposition, a
program based on the induction rules was written in C# and
tested against live data from a real-time transmission stream. The
performance of this program is described below. The functionality
of the program is to be incorporated into an operational live
climate monitoring network system developed by Ghobakhlou
et al. (2010). It was transcribed into PHP and implemented as a
Web-enabled component. The results from this implementation
will be formulated in future work for this research following at
least 2y of data collection. This time period is necessary for
reliable testing to be performed. First the induction rules are
given, and then a schematic of the real-time system into which
the program is incorporated is shown as Table 8.

Numbers in parenthesis in each leaf give an estimate of
success at that leaf. For example, the induction rule at the bottom
of Program 8:

WindSpeed >9 : TRUE (366.0)

indicates that 366 cases defined by this node were correctly
classified as 1 (a gust event occurring).

10. Discussion and conclusions

The research described here is part of a wider environmental
monitoring and modeling project. The authors and their collea-
gues in eight countries have designed a telemetry system and
built a set of monitoring instruments (sensors); that operate in

Table 8
Example of induction rules derived from J48 decision tree.

J48 pruned tree

WindSpeed < = 5.3:FALSE (1743.0/55.0)

WindSpeed > 5.3

WindSpeed < = 9

WindSpeed < = 7.2

WindSpeed < = 6.1

Humidity < = 87

| WindSpeed < = 5.7:TRUE (27.0/12.0)

| WindSpeed > 5.7

| | Rainfall < = 0.5:FALSE (9.0/1.0)
| | Rainfall > 0.5:TRUE (12.0/5.0)
Humidity > 87:FALSE (8.0)

WindSpeed > 6.1

| Humidity < = 51

| | DewPoint < = 7

| | | WindSpeed < = 6.8:TRUE (2.0)

| | | WindSpeed > 6.8:FALSE (3.0/1.0)
|

|

|

| DewPoint > 7:FALSE (9.0)

Humidity >51

| Temperature < = 11.2:FALSE (4.0)
| |
WindSpeed > 7.2
| Humidity < = 73
| | Humidity < = 44:FALSE (4.0)
| | Humidity > 44:TRUE (70.0/4.0)
| Humidity > 73
|
|
|

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
| Temperature > 11.2:TRUE (62.0/16.0)

| WindSpeed < = 7.5:FALSE (7.0/1.0)

| WindSpeed > 7.5

| | Pressure < = 1029.6: TRUE (6.0)
| | | Pressure >1029.6:FALSE (3.0/1.0)
WindSpeed > 9:TRUE (366.0)

Number of Leaves: 16
Size of the tree: 31

real-time to sample climate, atmosphere, plant, and soil data. The
project began with monitoring these data for microclimates in
vineyards but has now been extended to orchards and other fruit
and vegetable crops. These instruments have now been placed in
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some 30 locations throughout the participating countries. One of
the sets of data recorded for various modeling purposes such as
frost prediction and crop quality is wind velocity. During the
study of wind velocity, the phenomenon of wind gusts was
considered to be an influential factor in plant wellness and
crop quality. Also, it was observed that wind gusts were respon-
sible in some cases for considerable damage to crops, especially in
orchards. Building on the assumption that wind gusts were an
important factor in microclimate monitoring and modeling, the
work described here applied computational and statistical meth-
ods used in general by the authors to the wind gust problem
domain, which is described elsewhere in published research. The
work evaluated the algorithmic quality and appropriateness
potential of six machine-learning classifiers when applied to
streaming data of observed wind gust events sampled at 30-min
intervals. The classifiers presented here exhibited superior quality
when compared with a ZeroR model with respect to the evalua-
tion measure of overall accuracy for the prediction of wind gust
events with a lead time of 30 min. FPR (false alarm rates) for the
top three performing models had a mean value of 10.8%. The
input features selected for the classifiers were hour of day,
temperature, humidity, rainfall, pressure, wind speed, and dew
point. The dependent variable was a binary variable reflecting
the existence or lack of existence of a gust event. The data were
sampled from two sites currently being monitored by the
research team in the telemetry grid mentioned above, a northern
New Zealand winery and one of similar topographical character-
istic location in the Maule region of Chile. Various techniques
were used to ensure statistical robustness in the data analysis.
The problem of class imbalance, for example, was addressed by
employing synthetic minority oversampling technique. The mean
overall accuracies for the three top performing models measured
on the 90-day data sets were 84.86% for simple logistic, 88.00% for
the J48 decision tree, and 88.45% for the Simple Cart decision tree.
This analysis was carried out using historical time series data, and
from it the J48 decision tree algorithm was selected as being the
most useful for predicting, or at least anticipating, a wind gust
event given the set of variable values typically observed in our
sample. In order to test the algorithm with live streaming data,
we developed a computer program, which was then implemented
as an analytical component of our operational real-time telemetry
system. The activity of this program is now being monitored for
its output results, which are in the form of decisions relating to
the possibility of a wind gust event occurring at any time. Because
seasonal and other climate and atmospheric variations need to be
examined when a wind gust event is observed and leading up to
such an event, the authors intend to analyze the data set over an
initial 1-y period, and then a second and third year. The results
from these observations will be published if and when they prove

to be conclusive and appropriate for useful wind gust prediction
or anticipation.
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