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1. INTRODUCTION

We have developed a methodology to enhance an infrared–based high resolution rainfall 

retrieval algorithm by intelligently calibrating the rainfall estimates using space-based observations. Our 

approach involves the following four steps: 1) segmentation of infrared cloud images into patches; 

2) feature extraction using a wavelet-based method; 3) clustering and classification of cloud patches; and 

4) dynamic application of brightness temperature (Tb) and rain rate relationships, derived using satellite

observations.

2. METHODOLOGY

Cloud-top brightness temperature measurements from geostationary satellite (GOES-12), in 

conjunction with cloud-to-ground lightning data from the National Lightning Detection Networks 

(NLDN), are used for cloud classification and rain fall estimation. In addition, the 2A12-TMI algorithm, 

a precipitation product derived from The Tropical Rainfall Measuring Mission’s (TRMM) Microwave 

Imager (TMI), is used for calibration [1]. The results are also evaluated with hourly precipitation from

Nexrad Stage IV radar data [2].  The study area in the continental United States covers parts of 

Louisiana, Arkansas, Kansas, Tennessee, Mississippi, and Alabama.  Our methodology for satellite-

based rainfall estimation is similar to the PERSIANN approach [3].    However, our algorithms are 

enriched with lightning data and further enhanced with a wavelet-based feature extraction methodology 

similar to our previous work but with different reference and calibration [4]. Wavelet transforms is

applied in our methodology to extract information from features of cloud texture. In addition, some 

studies show that lightning is in general correlated to rainfall amounts and cloud top temperatures [5].  

So we have used the number of lightning flashes that occur in the respective cloud patch areas during



-15 min to +15 min window of observed infrared data from geostationary platforms. This algorithm has 

been used to extract cloud features from GEOS-12 (Channel 4) to estimate rain rates at 0.04o x 0.04o

spatial resolutions every 30 minutes.

The single thresholding technique is used for segmenting clouds from its background (the 

threshold is 253 K). In addition, morphological image processing techniques are used to remove very 

tiny clouds as well as to label the clouds connected together as patches. In step 2, besides the feature 

used by PERSIANN algorithm, we have performed one-scale decomposition 2D wavelet transform on 

the cloud patches and calculated the mean and the variance of the detail coefficients. Wavelet 

decomposition and reconstruction are implemented based on Daubechies filters and a sliding window 

(length-5). In step3, using Self Organizing Map (SOM) neural network classifier [6], we classify the 

patches into 100 clusters (10x10-size). We have used 400 cloud patches from 2007 for training. In step 

4, a proper Temperature-Rainrate (T-R) curve is assigned to each cluster. Based on the coincidental 

images of top temperature cloud patches (from GOES12) and its corresponding TMI rain rate, we can 

obtain two vectors of brightness temperature and corresponding rain rate (TMI) samples. Afterward, a 

nonlinear fitting exponential function is performed to these samples in order to get (T-R) curve for each 

cluster. In testing mode, once a patch segmented and feature extracted, the SOM indicates the most 

similar cluster to the patch. Therefore, the rain rate for each pixel of the patch is assigned based on the 

corresponding (T-R) curve of the cluster. The parameters of (T-R) function are calibrated and optimized 

whenever the TMI radar passes the area of interest.

3. RESULT

Some results, based on data on July 2008, are shown in Figures 1 - 3.  Figure 1 shows the cloud 

top brightness temperature from the GOES-12 infrared at 08:00 (top-left); an hourly  estimate of 

wavelet-based (with lightning(WL)) cloud classification is shown in top-right; the  bottom-left  figure 

shows an  hourly estimate of  PERSIANN-based cloud classification, The results are qualitatively 

validated against an estimate of hourly rainfall from Nexrad Stage IV(bottom-right). Figure 2, 3 show

the evaluation criteria which are used to validate the results for 6 consecutive hours (from 0300 to 0900)

on July 09, 2008. In these figures, the performance of rain/no-rain detection is evaluated by the 

probability of detection (POD) and the Heidke Skill Score (HSS). The quantitative accuracy of the 

estimates is evaluated by spacial correlation. The performance of our wavelet-based approach (in terms 

of HSS), with (WL) and without lightning information (WNL), is comparable to the PERSIANN-like 



(P) approach (see Figure 2). However, the wavelet-based methodology has improved the POD (Figure 3) 

and better spatial correlation (Figure 4). Additional results from extended validation period will be 

demonstrated and discussed during the conference.

Figure1– Cloud-top brightness temperature (top-left),One hour  Wavelet-based rainfall estimate ( top-right), One 

hour  PERSIANN-based Rainfall Estimate (bottom-left), and hourly  Nexrad Stage IV rainfall estimate  (bottom-

right) on July 09, 2008 for 8 am

Figure 2– Heidke Skill Score for wavelet- based (with (WL) or without (WNL) and PERSIANN-based (P)
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Figure 3– Probability of Detection and Spatial Correlation evaluation for wavelet- based (with (WL) or without 

(WNL) lightning) and PERSIANN- based (P) 
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