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Air temperature (AT) and precipitation observations obtained from RAMA (Research Moored Array for African-
Asian-Australian Monsoon Analysis and prediction) buoy at 0° N, 90° E from July 2009 to June 2017 are used to identify
rainfall events. Based on the Random forest method, which consists of classification and regression based on decision trees,
an algorithm is developed to identify the rainfall events from the change in AT data with high accuracy. During the study
period, a total of 22461 abrupt drops in air-temperature events were identified by the algorithm. Around 75 % of these
events were used to train and develop the clustering algorithm, and the rest of the events were used for validation with the
precipitation data available from the buoy. The algorithm can identify more than 94 % of rain events accurately when the
classification is binary. When the rain events are classified similar to the India Meteorological Department's classification,
the algorithm is still able to identify the rain events; however, the performance degrades to ~ 84 % accuracy.
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Introduction

Precipitation plays a very important role in
modulating weather and climate across the globe and
has been designated as an essential climate variable'~.
Over the oceans, precipitation modulates Sea Surface
Temperature (SST) and near-surface air temperature
(AT), affecting the heat and salt budgets. Precipitation
also affects the long wave radiation budget through
the associated cloudiness. Precipitation is a key
variable that influences various modes of variability,
such as the Madden-Julian Oscillation (MJO), and the
Indian Ocean Dipole (I0D) mode oscillations.

However, over the oceans, precipitation
measurements are very sparse’. In the National
Centers for Environmental Prediction — National
Center for Atmospheric Research (NCEP-NCAR)
reanalysis dataset, which is a widely used synthesis of
observations model reanalysed data, precipitation
is designated as a grade C variable and has to be used
with caution*. Recent advances in remote-sensing
precipitation measurements and algorithms
have partially addressed this issue with the
development of various merged remote sensing
precipitation data products™® while merging them with

the available rain-gauge data from islands or coastal
stations.

Over the years, merging data products have been a
challenging task given the heterogeneous nature of the
merged products. The NCEP-NCAR reanalysis
datasets and the newer reanalysis gridded datasets can
be explored for association mining across temperature
and precipitation. However, it is vital to realize that
errors in the model solutions can be dumped into the
precipitation variable since the models do not
conserve water, etc. In addition, while advances in
remote sensing of precipitation have certainly
occurred since the 1980s, for this very reason the data
record is not easy to use. Early satellite rainfall
estimates based mainly on IR are difficult to tie to
more modern satellite products based on IR calibrated
using microwave imagers and, even more important,
space borne radars. So, in-situ rainfall is still essential
for validation, even in the satellite era, and gauge data
from islands are still used to create merged products.

Rain events are an external forcing on the air-sea
interface; in the tropical oceans, they cool the near-
surface layer due to the difference in temperature
between falling rain drops (colder) and the underlying
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SST (warmer). Various studies’ have documented the
net cooling effect of precipitation events on the SST and
the overlying marine boundary layer. Building on these
previous studies, here we explore near-surface AT and
precipitation data to study the cooling events associated
with the precipitation. It should be noted that AT
datasets are simple to measure and easier to check the
quality of data. A natural way of progression is to
hypothesize that, can we use AT data to make an
algorithm to detect rainfall events?

A reliable method for in-situ precipitation
measurements is the self-siphoning rain gauges on board
the moored buoys. However, they too suffer from
measurement uncertainties'’. A major challenge for
obtaining precipitation from self-siphoning rain gauges
deployed on open ocean buoys is maintaining the
instruments under such harsh conditions. Hence,
identifying the precipitation events is crucial. In the
absence of rain data, the identification of rain events
from AT can provide an independent source of
information.

Using available long-term high-resolution moored
buoy, a methodology is proposed to detect the peak
rainfall events and their associated high-temporal
variability in the Equatorial Indian Ocean. Rainfall
and AT data are obtained from Research Moored
Array for  African-Asian-Australian ~ Monsoon
Analysis and Prediction (RAMA; McPhaden et al.'")
buoy at 0° N, 90° E (location marked as the blue
circle in Fig. 1) from July 2009 to June 2018. The
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Fig. 1 — RAMA buoy (0n90e) location marked as a blue filled
circle at 0° N, 90 °E in the Eastern Equatorial Indian Ocean

RAMA buoy measures real-time meteorological and
oceanographic parameters, namely SST, AT,
precipitation, Wind Speed (WS) and Wind Direction
(WD) every 10 min. It is noted that the parameters are
sampled every second, with 10 min averages
transmitted to the shore station at the end of the 1 h.
The Research Moored Array for African-Asian-
Australian Monsoon Analysis and prediction
(RAMA) buoy data are extensively used to
understand air-sea fluxes and thermohaline structure
in the equatorial Indian Ocean region and validation
of satellite-derived products and models.

High resolution AT data obtained from the RAMA
data buoy is used to develop a methodology to
identify rainfall events. This algorithm is applied to
the 10 min AT and precipitation data as the training to
identify peak events. Some of the precipitation data
were kept aside for validating the results. It will be
shown in the later paragraphs that the algorithm can
detect rain events from the AT data (rate of
temperature drop) with high accuracy.

Extremes (maxima or minima) in the time series
can affect the overall distribution of the data and can
change the statistics. It is difficult to identify extremes
as data outliers or some inherent forcing mechanisms
that drive the parameters. The detection of peaks in
time series data'*'* has been applied in many research
areas and applications, ranging from signal processing
to quality control procedures.

After finding peaks in the AT drop rate, the time
series is partitioned into “events” which later serve as
input to the decision tree algorithm to predict rainfall
events.

Random forest is used to predict events using
classification and regression technique'>'®. Random
forest is an ensemble classifier that consists of many
decision trees and outputs the class that is the mode of
the classes of individual trees. Random forest
increases the predictive power of the algorithm and
prevents overfitting. Random forest is an ensemble-
bagging algorithm designed to achieve low prediction
error. It reduces the variance of the individual
decision trees by randomly selecting trees and then
either averaging them or picking the class that gets the
most votes.

Classification accuracy alone can be misleading if
there are an unequal number of observations in each
class or if there are more than two classes in the
dataset. A confusion matrix summarizes the
performance of a classification algorithm. Calculating
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a confusion matrix provides information on the idea
of what the classification model is getting right and
the type of errors it is making. Finding the peaks in
AT drop rate using peak segment detection and using
this information for the prediction of precipitation
classes using a classification scheme is the central
motivation of this study.

Materials and Methods
Data

AT and rainfall sampled at 10 min from RAMA
buoy are available from 2009 to 2017 (Fig. 1).
However, the time-series data of AT and rainfall is
not continuous because of gaps. The gaps in the time
series occur due to the absence of the buoy
deployment and sensor failure. AT is measured by a
Pt-100 RTD (Resistance Temperature Recorder) of
Rotronic Instrument with a resolution of 0.2 °C and
rain by R.M. Young Self-Siphoning capacitance rain
gauge with a resolution of 0.4 mm/h. Accuracies and
details of both of the above sensors are presented in
the McPhaden er al.''. Both the datasets have gone
through standard quality control checks, and only the
data that passed through the prescribed checks were

Eastern Equatorial Indian Ocean (EEIO) is a warm
pool region and one of the climatically sensitive
regions, which undergoes various time scales of
variability, such as mesoscale eddies, intra-seasonal
disturbances forced by the atmosphere, inter-annual
variations associated with Indian Ocean Dipole (I0D)
and the El Nifio/Southern Oscillation (ENSO). Hence,
the location is chosen for this study, apart from the
data availability. The large variability in AT and
precipitation is seen in Figure 2. These two datasets
appear to be poorly correlated, with a correlation
coefficient of -0.28 (Fig. 3). However, on examining
the events using the highest resolution data (sampled
every 10 min), the relation between the two variables
is more evident. Figure 4 shows the occurrence of rain
events along with AT time series. It depicts that
whenever rain events occur, the AT drop events
follow them. It is well documented and known that
rain events in tropical regions cool the boundary layer
and decrease the AT as the temperature of falling rain
is generally lower’. However, there are other factors
also that can cool the ambient air such as advection of
cold air masses, local temperature tendency due to
heat and radiation forcing. However, in this study, we

used in this study. aim to identify the number of cooling events
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Fig. 2 — Time series of air temperature (AT; °C; top-panel) and precipitation (rain; mm/h; bottom panel) observations at the buoy

location 0° N, 90° E
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Fig. 3 — Scatter plot of AT (°C; on the x-axis) and precipitation (mm/h; on the y-axis) during the observation period. Correlation
coefficient was -0.28
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Fig. 4 — Time-series of AT (°C; top panel), and precipitation (mm/h; bottom panel) during a spell of rain 1 — 31 May 2011

associated with the rainfall and use the information in  significant goal in identifying the rain events. A data-
a predictive manner. The identification of these  mining methodology is shown, which identifies the
cooling events as reflected in AT drop will be a  events that may lead to the precipitation events.
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Methodology
Segmentation of time series

Segmentation is a process of dividing the time series
into smaller data records, where the probability
distribution of the time series shows significant change.
A univariate time series 7 of n» number of values
defined as T = {(ty,x1), (t3,%x2), oo, (tp, X))},
where the ith observation is represented as pair of
values (ty,x;),t; refers to the time at which
observation is recorded and X; refers to the observed
variable, which may be AT or precipitation or any
other parameter. Here, the X; refers to AT.

We assume that a significant AT drop occurs only
during a precipitation event (Fig. 4). The rain events
can be identified from the AT drop events: the rain
event starts from the rapid drop of the AT and the
rainfall event ends when the AT reaches the mean
state. For the above time series, another time-series
variable is introduced, which is called as the
maximum rate of drop (R) and defined as

R = {(ty,y1), (t2, ¥2)s oo, (t, Y1)}

0,k =1
Where, y, = {max(ﬂ>,1 <p<ksn
tr—tp

The local minima in time series R are the
timestamps v at which the x,_; > x, > x,,,1. Based
on these assumptions the events are defined as the
subset of time series R; from the valley prior and next
to the segments where the values of y; cross some
threshold. The event segments of R can be defined as

E = {(tS’yS)l ey (teJYe)},

<, ifk =sork=e

Where, = { ]
Yk > otherwise

Here, ocis a threshold, it may be a user-defined
value or any suitably calculated value. In this study,
o is taken as 0.003.

Decision tree for classification and prediction

The second component of the proposed method is
the classification of the segments which cross the
threshold value. For this, a well-defined classification
tree methodology based on multivariate analysis is
utilized. Decision trees are supervised non-parametric
machine learning algorithms which are used for both
classification and regression problems. The ensemble
method to generate a classification model called
Random forest is used for the classification of these
segments'>. Random forest invokes two important

machine-learning ideas: bagging and random feature
selection. Bagging is a simple and powerful ensemble
method that uses a bootstrap procedure for high-
variance machine learning, especially decision trees to
improve the accuracy and stability of the algorithm
and reduces the variance to avoid over-fitting.
Bagging combines the predictions from many
machine learning algorithms to make more accurate
predictions compared to a single model. Thus,
bagging is a special case of the model averaging
method. Random forest is an improvement over the
bagged decision trees, as the resulting predictions
from all the sub-trees have less correlation. To select
the optimal split point, the learning algorithm looks
through all the variables and values. Random forest
randomly selects a subset of features to split at each
point when growing a tree. In this study, the Random
forest R package'’ is used for implementing the
classification tree.

The performance of classification models is
evaluated using the confusion matrix. There are only
four possible outcomes for any event: (a) True
Positive (TP) meaning the positive event is classified
as positive; (b) False Negative (FN) meaning the
positive event is classified as negative; (c) True
Negative (TN) meaning the negative event is
classified as negative; (d) False Positive (FP) meaning
the negative event is classified as positive (Table 1).
This confusion matrix (Table 1) can be used for the
calculation of a variety of statistics for establishing
the accuracy of the model.

The accuracy of the model is defined as the ratio of
true positives and negatives to the total number of
events ((TP+TN)/(TP+TN+FP+FN)) and is a measure
of how often the classifier is correct. Misclassification
rate, which is also an error rate, can be defined as the
ratio of false positives and negatives to the total
number of events ((FP+FN)/(TP+TN+FP+FN)) and is
a measure of how often classification goes wrong'.
True positive rate, which is also called sensitivity or
recall, can be defined as the ratio of true positives to
the sum of TP and FN (TP/(TP+FN)) and it is a
measure of how often the classifier is predicting true
as true. Similarly, a False positive rate, can be defined

Table 1 — Confusion matrix

Actual
Event No Event
Predicted Event TP FP
No Event FN TN
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as the ratio of false positives to the sum of TN and FP
(FP/(TN+FP)) and is a measure of how often the
classifier is predicting false as true. True negative rate
or specificity is the ratio of true negatives to the sum
of TN and FP (TN/(TN+FP)) and is a measure of how
often the classifier is predicting false as false.
Precision can be defined as the ratio of true positives
to the total number of positive predicated events
(TP/(TP+FP)) and is a measure of how often the
classifier is correct when predicting as true.
Prevalence can be defined as the ratio of the sum of
TP and FN to the total number of events ((TP+FN) /
(TP+TN+FP+FN)); how often the actual true
condition occurs in our sample. Finally, F-Measure
which is a weighted harmonic mean of the test's
precision and recall, can be defined as
((2*Recall*Precision)/(Recall+Precision)) and is a
measure of the test's accuracy. These statistics are
further discussed in the results section.

Results and Discussion

The period from July 2009 to June 2017 is
considered for the analysis, where both AT and
precipitation data are available. The minor gaps were

filled using a median filter for both parameters and
considered for further analysis without smoothing the
data. Figure 5 shows the derived maximum drop rate
series along with AT and rain for the period 08 — 14
August 2009. However, note that the whole time
series of the maximum drop rate is utilized for the
further segmentation of data and analysis.

The threshold to mark events through the peak
window was derived by taking the mean of max-drop
rate after removing the outlier values, which were
beyond the limit of three standard deviations from the
mean of maximum drop rate (mean value is = 0.003
°C/min). Figure 6 shows the segmented time series
(for the same duration as in Fig. 5), where each
segment starts with the valley before the defined
threshold and ends up with the valley after the same
threshold. The algorithm was able to identify and
delineate a total of 22461 segments for classification.
For classification, 75 % of the segments were used for
training data and 25 % for validation of the results.

Figure 7 represents the lag between the time it
takes to reach max precipitation and the timestamp
where the AT reaches the minimum level. The time
lag is maximum at the first time steps (10 min). The
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Fig. 5 — Time-series of AT (°C; top panel), Maximum AT Drop Rate (°C/min; middle panel) and rain (mm/h; bottom) panel during a

spell of rain 7 — 13 August 2009)
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Fig. 6 — Same as Fig. 5, with segments overlaid as black vertical lines (the region between the solid line and dashed line)
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segmented data is then classified with the Random
forest classification tree. For each segment, the
variables measured are the length of each segment
(length), minimum air temperature of segment
(minAT), the maximum drop rate of air temperature
in segment (maxDropRate) and total air temperature
drop in segment (totalDrop). These variables are next
used for the generation of a classification tree for the
prediction of different classes of maximum
precipitation in a given segment (maxPrecipitation).
First training data are taken as input for the Random
forest and the output classifier was used for validation
of test data. Based on the maximum precipitation rate,
two cases are considered which are discussed in the
next subsections.

Case 1

In this case, the maximum precipitation rate is
categorized into two categories: Negligible (< 2 mm/h)
and Rainy (> 2 mm/h). It is a binary classification
of the precipitation events: whether rain has
occurred or not and the cutoff considered for rain
is 2 mm/h. Table 2 depicts the confusion matrix
generated from the classification process having
the two classes.

In this classification, around 94 % of events were
identified accurately (Table 3). As per the objective of
present study, the true positive rate for class “Rainy”
is also very high (94 %), which shows that the
classifier is capable of identifying most of the rainy
events from the time series of AT. Also, it shows that
in test data only 18 events were predicted wrongly as
non-rainy events, the false positive rate is around 6 %.
Among these false-positive events, only one event

was of significant precipitation event (maximum
value was 12.6 mm/h) and for the rest of the events,
the mean maximum precipitation value was around
4.2 mm/h.

Case 2

To account for the small scale variations in rainfall
intensity and amount, the maximum precipitation rate is
categorized into multiple categories based on prevalent
standard meteorological conventions (Table 4). In this
case, a multiple classification model of the maximum
precipitation events is created. Table 5 represents the
confusion matrix generated from the classification
process using the same Random forest method but
now having multiple classes. Here, the overall
accuracy is around 83 %. The performance
degradation is mainly due to the unbalanced
classification, where the number of samples in
negligible class is more dominating than in other
cases. If the results are seen as multiple classification
problems, negligible conditions are predicted mostly
below heavy rains and torrential conditions are not
predicted below heavy rains.

Table 3 — Accuracy and other statistics for Case 1

Accuracy 94 %
Misclassification rate (Error rate) 06 %
True positive rate (Sensitivity or Recall) 94 %
False positive rate 06 %
True negative rate (Specificity) 94 %
Precision 43 %
Prevalence 05 %
F-measure 59 %

Table 4 — Classification of precipitation events (Case 2)

Precipitation type Range
Table 2 — Confusion matrix (Case 1) Negligible <0.5 mm/h
Light (0.5-2) mm/h
Actual Moderate (2-15) mm/h
Rainy Negligible Heavy (15 -30) mm/h
Predicted Rainy 266 346 Very (30 - 60) mm/h
Negligible 18 4985 Torrential > 60 mm/h
Table 5 — Confusion matrix for classification (Case 2)
Actual
Negligible Light Moderate Heavy Very Torrential
Predicted Negligible 4494 20 8 0 0 0
Light 629 63 40 5 0 0
Moderate 63 46 77 17 13 0
Heavy 3 7 30 15 10 5
Very 1 4 20 10 6 1
Torrential 0 1 6 6 12 3
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Conclusion

It is shown that the AT drop events coincide with the
precipitation (rainfall) events. By identifying AT drop
events and employing a classification algorithm, a
methodology is developed to identify rain events. The
developed methodology is based on defining peak
windows to detect the maximum AT drop events in time
series data. During the study period, a total of 22461
maximum AT drop events were singled out, and out of
these events, more than 94 % of the events were
correctly clustered into corresponding rain events. It was
also observed that the effectiveness of this algorithm is
more statistically significant for Case 1 where the events
are classified as rainy and negligible-rain events when
compared with Case 2 where the events were classified
in 6 different groups (Negligible, Light, Moderate,
Heavy, Very Heavy and Torrential). In Case 2 of
multiple classifications, results are not as accurate (83 %
overall accuracy) when compared with Case 1 (94 %
accuracy). The degradation of the performance is due to
the further division of rain events based on the rainfall
intensity, which creates a large number of events for
comparison. The methodology developed here gives the
quantitative framework to identify the precipitation
events due to the temperature drop data for large-scale
events. The study showed that the temperature drop and
length of the event are the leading indicators of rainfall.
This data mining methodology improves the
functionality of detecting sudden changes and trends in
oceanic data using the algorithm as an automated
procedure, which can be used in quality control checks
on large datasets.
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