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The systematic approach we propose for classifying
oceanic rainfall intensity during the typhoon season
consists of two major steps – 1) identifying the rain
areas and 2) classifying rainfall intensity into normal
and heavy for these areas. The heterogeneous hierar-
chical classifier (HHC), an ensemble model we devel-
oped for accurately identifying heavy rainfall events,
consists of a set of base classifiers. The base classifiers
are independently constructed through heterogeneous
data mining approaches such as artificial neural net-
works, decision trees, and self-organizing maps.
The meteorological satellite Tropical Rainfall Measur-
ing Mission (TRMM) microwave imager (TMI) data
from 2000 to 2005 are used to create the classification
models. TRMM precipitation radar (PR) data and
rain gauge data from Automatic Rainfall and Mete-
orological Telemetry System (ARMTS) measurement
are used as ground truth data to evaluate models. Two
thirds of the dataset is used for model training and one
third for testing. Experimental results show that the
proposed model classifies rainfall intensity highly ac-
curately and outperforms previously published meth-
ods.

Keywords: data mining, classification, rainfall intensity,
TRMM, microwave

1. Introduction

Heavy typhoon season rainfall causing landslides,
floods, and other weather-related disasters is a critical
problem in Taiwan, among other areas, making it impor-
tant to predict areas of heavy rainfall to minimize poten-
tial weather-related disasters.

Among the extensive heavy-rainfall research done,
Alexiuk [1] used meteorological volumetric radar data
to detect thunderstorms and hybrid strategies to classify
storm events into wind, heavy rain, tornados, and hail.
Using cluster analysis, Martinez [2] classified heavy-rain
events into eight atmospheric patterns and further deter-
mined the relationship between heavy-rain regions and
the atmospheric patterns. Using self-organizing maps

(SOMs), Nishiyama [3] identified a typical synoptic pat-
tern causing heavy rainfall during the rainy season.

Satellite observations provide useful information, e.g.,
visible image data, infrared image data, and microwave
channel data, for estimating surface rainfall. They also
provide more frequent observations than conventional
rain gauge measurement and cover a wider area than radar
data. Lee [4] proposed pattern recognition using visi-
ble and infrared satellite images to classify rain rates into
none, light, and heavy, achieving an accuracy exceeding
70%. Using visible and infrared samples from VHRR im-
ages, Parvathi [5] took the maximum likelihood decision
rule and classified rain rate events into four categories for
an accuracy exceeding 80%. Limitations associated with
such data, however, are that 1) visible satellite images are
available only during daytime and 2) infrared observa-
tions cannot provide information on vertical cloud struc-
ture.

Passive microwave radiometers physically sense rain-
drops and hydrometeors within precipitating clouds, so
microwave channel data is widely used in heavy oceanic
rainfall estimation. The TRMM/TMI [6] satellite pro-
vides passive microwave and infrared data for monitor-
ing and studying tropical rainfall, and has been used in
different precipitation-related applications [7, 8]. Several
types of rain-area identification have been developed us-
ing TRMM/TMI data, including a scattering index [9],
threshold check [10], and rain flag [11]. The rain flag
is also used to identify heavy-rain events, classifying
weather systems into four categories – no rain, uncertain,
rain, and heavy rain.

In this paper, a new algorithm is developed for deter-
mining rainfall intensity during the typhoon season using
TRMM/TMI data. As in [4], we classifies events into one
of three rain-rate categories – none, normal, and heavy.
We constructed two ensemble models – the neural com-
mittee classifier (NCC) [12] and the heterogeneous hi-
erarchical classifier (HHC) – for rain-area identification
and rainfall intensity retrieval. Experimental results show
that our algorithm is highly accurate. Our model has been
applied to determining rainfall intensity for an actual ty-
phoon. Results show relatively high agreement between
the Goddard profiling algorithm (GPROF) [13] and ours.

This paper is organized as follows: Section 2 presents
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Table 1. Nine TRMM/TMI microwave channels [15].

V: Vertical; H: Horizontal. 
Channel 1 2 3 4 5 6 7 8 9 

Frequency 
    (GHz) 

10.65 10.65 19.4 19.4 21.3 37 37 85.5 85.5

Polarization V H V H V V H V H 

a brief background and Section 3 details the HHC con-
cept and the algorithm for constructing it. Section 4 pro-
vides the framework for our approach to rain-rate classi-
fication and Section 5 reviews experimental results. Sec-
tion 6 gives conclusions.

2. Background

We begin by reviewing the background to this work.

2.1. Data Source
Datasets used for training and testing in this research

include TRMM/TMI, TRMM/PR, and rain gauge data,
which are introduced as follows:

TRMM Data
The international Tropical Rainfall Measuring Mission

(TRMM) [6], jointly sponsored by the US National Aero-
nautics and Space Administration (NASA) and the Japan
Aerospace Exploration Agency (JAXA), provides pas-
sive microwaves with nine channels (Table 1), and in-
frared data for monitoring and studying tropical rainfall.
The TRMM satellite, with a period of 91.5 minutes and
launched in November 1997, provides satellite observa-
tions from 40◦N to 40◦S. TMI level-1B11 brightness tem-
perature (Tb) data and TRMM/PR rainfall estimation data
we have used here are downloaded from the NASA web-
site [14].

Island rain gauge data
Rain gauge data used in this study is from the Japan

Meteorological Agency (JMA) and the data range period
is from July to October 1998-2005. Table 2 shows the 11
islands providing rain gauge data (mm/10-min) we used
here. Rain gauge data, with 60-minute accumulation rain-
fall, is used as ground truth for evaluating results. The
data is accumulated from 30 minutes before and after the
time when the satellite passed over a rain gauge [15–17].

We define a TMI pixel as a rain area if accumulated
rainfall exceeds 1 mm/hr and as a heavy-rain area if it
exceeds 15 mm/hr.

2.2. Rain Flag Algorithm
The rain flag (RF) [11], developed by Goodberlet et al.,

retrieves oceanic wind speed through microwave obser-
vation. Depending on variations in the Tbs of 19H, 37V,
and 37H GHz, weather systems are classified into four
types, i.e., RF = 0, 1, 2, and 3, which denote the no-rain,

Table 2. Island rain gauge station sites [15].
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3024.460N, 123.010E94017YONAGUNIJIMA7.

724.460N, 124.140E94036KABIRA6.

1524.500N, 124.280E94001IBARUMA5.

1624.660N, 124.690E93061TARAMA4.

5524.740N, 125.410E93051GUSUKUBE3.

4024.790N, 125.270E93041MIYAKOJIMA2.

1024.820N, 125.170E93011IRABU1.

Altitude(m)North Lat., East Lon.Code of StationStation NO
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Fig. 1. A logical view of NCC [12]. It conducts classifi-
cation by aggregating predictions made by individual weak
classifiers.

uncertain, rain, and heavy rain types, respectively. Clas-
sification rules for the four are as follows:

0 : Tb37V−Tb37H > 50K and Tb19.4H < 165K . (1)
1 : 37K ≤ Tb37V−Tb37H < 50K or Tb19.4H ≥ 165K

. . . . . . . . . . (2)
2 : 30K ≤ Tb37V−Tb37H < 37K . . . . . . . (3)
3 : Tb37V−Tb37H < 30K. . . . . . . . . . . (4)

We classify a TMI pixel as no rain for RF=0, normal
for RF=2, or heavy for RF=3. Pixels classified as RF=1
cannot be classified by RF, so we omit them from our ex-
periments.

2.3. Neural Committee Classifier
The neural committee classifier (NCC) [12], an ensem-

ble classifier for rain-area identification, consists of sev-
eral weak classifiers (WC) of neural networks (Fig. 1). Xi
and Yi are the input vector and output value for each WC
i. Each WC is a multilayer neural network trained inde-
pendently by the back propagation algorithm using differ-
ent TRMM/TMI microwave channel data. The chairman
function, which judges whether a TMI pixel is a rain area
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Fig. 2. General HCC architecture with individual internal
nodes as base classifiers.

HHC_Construction (T, B) 
Input: set of training events T; set of BCs B
Output: HHC 
1: If stop_condition(T, B) == False 
2:       root = CreateNode(); 
3:       root.bc = Find_best_BC(T, B); 
4:      (Tnormal, Theavy) = Split(T, root.bc); 
5:      Child_1 =  HHC_Construction (Tnormal, B); 
6:      Child_2 =  HHC_Construction (Theavy, B); 
7:      Add Child_1 and Child_2 as two descendents of root. 
8. Else
9:      leaf = CreateNode(); 
10:    leaf.label = Classification(T); 
11:    Return leaf;
12: End If 
13: Return root;

Fig. 3. Skeleton algorithm for HHC construction.

by accumulating output from all weak classifiers, is as fol-
lows:

k

∑
i=1

Yi > Tr . . . . . . . . . . . . . . (5)

where Yi is the output of WC i and Tr is a threshold.

3. Heterogeneous Hierarchical Classifier

The heterogeneous hierarchical classifier (HHC) is de-
veloped for classifying rain intensity, i.e., heavy or nor-
mal. In the general HHC architecture (Fig. 2), individual
internal nodes are base classifiers (BCs).

BCs are selected from a pool of classifiers that are inde-
pendently constructed by heterogeneous data mining ap-
proaches such as artificial neural networks, decision tree
learning, and SOMs.

Input to the skeleton algorithm for building the HHC
model (Fig. 3) consists of a set of training events T and
a set of BCs B. The algorithm recursively selects the best
BC from B to split T and expand HHC leaf nodes until a

Fig. 4. Data mining framework for rainfall intensity retrieval.

stop condition is met.
The algorithm first chooses the BC having the highest

classification accuracy over training events T as the HHC
root (line 3). It then uses the BC to classify rain events
into either normal or heavy (line 4). Line 1 determines
whether the stop condition is met, e.g., classification ac-
curacy for a class achieves a given threshold. If so (lines
8-11), it labels the class as normal (or heavy); otherwise,
it chooses other BCs to recursively continue classification
(lines 1-7) until all data events are labeled.

4. Data Mining Framework

Our data mining framework for rain-rate classification
consists of four phases – data collection, data preprocess-
ing, model training, and model testing (Fig. 4), introduced
below.

4.1. Data Collection
The research domain ranges from latitude 15◦N

to 30◦N and longitude 110◦E to 130◦E. We used
TRMM/TMI, TRMM/PR, and rain gauge data from the
1998 to 2005 typhoon seasons.

4.2. Data Preprocessing
The goal of data processing is to make data more suit-

able for data mining and to build more accurate classifi-
cation models. This is done by data cleaning, integration,
and outlier removal.

Beam filling error [18] is caused by variations in rain-
fall inhomogeneity within the relatively coarse resolu-
tion of today’s sensors. To avoid the errors, we apply
TRMM/VIRS data in data collection, i.e., only rain events
with full homogeneous clouds observed in TRMM/VIRS
are collected. Similarly, in no-rain event collection, only
events with no clouds observed in TRMM/VIRS are col-
lected.

518 Journal of Advanced Computational Intelligence Vol.12 No.6, 2008
and Intelligent Informatics



Rainfall Intensity Classification Using TRMM/TMI Data

Fig. 5. Outlier-removal algorithm flowchart [12].

In outlier removal (Fig. 5), the previous rain-area iden-
tification methods – scattering index [9], threshold check
[10], and rain flag [11] – are used to filter events in the
dataset. An event is removed if its ground truth is incon-
sistent with all results generated by these three methods.

4.3. Model Training
The framework (Fig. 4) contains two major phases con-

ducted on classifiers NCC and HHC, which are trained in-
dependently, then combined to build a rain intensity clas-
sification model. The details for training and constructing
the classifiers refer to Sections 2 and 3. Note that train-
ing data for the NCC includes all of the training set, i.e.,
no-rain, normal, and heavy events, but only normal and
heavy events for training the HHC.

4.4. Model Testing
Once a model has been constructed, a test event is clas-

sified starting from the NCC that classifies the event into
no-rain or rain. The event is labeled if it is classified as
no-rain by the NCC; otherwise, the event passes to the
HHC. The root node of the HHC, e.g., BC1, classifies
the rain event as either normal or heavy, then recursively
follows the appropriate branch based on the classification
outcome. The class label associated with each leaf node
is then assigned to events.

To further verify the model, we apply it to an actual
typhoon and compare results to GPROF [13] as detailed
in Section 5.

Fig. 6. HHC architecture for rainfall intensity classification.

Table 3. HCC base classifiers.

Base Classification rule Normal Heavy
classifier Total
(BC) (Tb) (< 15mm/hr) (� 15mm/hr)

1 SOM cluster 1 125 75 200
2 131 1 132
3 21 80 101
4 123 44 167

2 19.4H<211.8 116 0 116
3 19.4H�265.7 5 50 55
4 19V-37V�13.8 29 9 38
5 19V-37V�4.7 and 25 10 35

37V-37H<4.4
6 13.8>9V-37V 3 36 39

�9.2 and
37V-37H<4.4

7 13.8>19V-37V 4 17 21
�4.6 and
37V-37H�4.4

8 4.7>19V-37V 180 55 235
or 19V-37V
�13.8 and
37V-37H�4.4

9 4.7>19V-37V 19 4 23
�3.6 and
37V-37H<4.4
and
10.65H<160.9

10 5.7>19V-37V 18 3 21
�4.7 and
37V-37H<4.4

5. Experimental Results

We used meteorological satellite TRMM-TMI data
from 2000 to 2005 to create classification models and
TRMM-PR data and rain gauge data as the ground truth
to evaluate models. Two thirds of the dataset is used for
model training and one third for testing.

The HHC architecture for rainfall intensity classifica-
tion (Fig. 6) is built using the algorithm in Section 3. In
experiments, we chose classifiers with accuracy exceed-
ing 75% as BCs (Table 3).

Results show that our approach is able to achieve high
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Table 4. Confusion matrix for rainfall intensity classifica-
tion obtained by our model.

Actual Class
Predicted Class

No Rain Normal Heavy Accuracy (%)
No Rain 92 2 1 96.8
Normal 0 159 41 79.5
Heavy 0 25 75 75

Overall accuracy: 82.5

Table 5. The Confusion matrix for rainfall intensity classi-
fication using the rain flag method.

Actual class
Predicted Class

No Rain Normal Heavy Accuracy (%)
No rain 56 21 1 71.8
Normal 0 18 182 9
Heavy 0 0 100 100

Overall accuracy: 46

Fig. 7. Mindlle typhoon viewed by the TRMM/VIRS.

accuracy for rainfall intensity classification. Tables 4, 5
list confusion matrices for the proposed model and rain
flag approach. Although the RF can identify all heavy
events, it overestimates rainfall intensity for datasets in
this research domain range. Our model’s overall accuracy
is 82.5%, which is superior to the RF’s 46% [18], Lee’s
70% [4], and Parvathi’s 80% [5].

We have applied our approach to classifying rainfall in-
tensity for an actual typhoon case. Fig. 7 shows the im-
age of Mindlle typhoon from TRMM/VIRS (visible and
infrared scanner). Fig. 8 is the result derived by the God-
dard profiling algorithm (GPROF), Fig. 9 by the NCC,
and Fig. 10 by the HCC. It demonstrates relatively high
agreement between GPROF and our algorithm.

Fig. 8. Rainfall estimated by the GPROF algorithm [17].

Fig. 9. Rain area recognized by the NCC [12].

6. Conclusions

Using a data mining approach, we have presented an
efficient, near-real-time framework to retrieve rainfall in-
tensity using microwave data from the TRMM satellite. In
this framework, we used association rule analysis to de-
termine important dataset attributes. We have also devel-
oped two ensemble models – the neural committee clas-
sifier (NCC) and the heterogeneous hierarchical classifier
(HHC) – to improve classification accuracy. Experimental
results show that our model outperforms previous rainfall
intensity retrieval methods. Due to the interpretability and
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Fig. 10. Rainfall intensity classified by the HHC. Dark pix-
els denote areas of heavy rainfall.

accuracy of the results obtained and the simplicity of the
calculation involved, our algorithms are helpful in retriev-
ing real-time rainfall intensity of typhoons and provide a
useful comparison to modeling results.
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