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Lkkj & bl v/;;u esa cgqLiSDVªy oxhZdj.k i)fr  }kjk n`'; vkSj vojDr LiSDVªy pSuyksa esa ladsrksa dk 
mi;ksx djds es?kksa ds o"kkZ foHko dk vkdyu djus dk iz;kl fd;k x;k gSA bl v/;;u ds fy, 
m".kdfVca/kh; o"kkZ ekiu fe'ku ¼Vh-vkj-,e-,e-½  mixzg esa iz;qDr gksus okys n`'; vojDr LdSuj ¼oh-vkbZ-vkj-
,l-½ vkSj Vh-vkj-,e-,e- lw{e rjax midj.k ¼Vh-,e-vkbZ-½ ls vk¡dM+s izkIr fd, x, FksA oxhZdj.k ds fy, 15 
oh-vkbZ-vkj-,l- O;qRiUu izkpyksa dk mi;ksx fd;k x;k gS vkSj ds&ek/; oxhZdj.k ,yxksfjFe dk mi;ksx djds 
es?kksa dks 24 oxksZa esa foHkftr fd;k x;kA  dqy o"kkZ ¼80 izfr'kr½ dh rqyuk esa bu 24 oxksZa esa ls 6 esa mPp 
o"kkZ izkf;drk vkSj mPp lap;h  ;ksxnku ik;k x;kA  bu 6 oxksZa ds fy, oh-vkbZ- vkj-,l- izs{k.kksa ls izkIr 
fd, x, y{k.kksa ds laca/k esa Vh- ,e- vkbZ- o"kkZ dh nj dh O;k[;k djus ds fy, lekJ;.k fo'ys"k.k fd;k 
x;kA blesa oxhZdj.k vkSj tk¡p ds ifj.kkeksa ij ppkZ dh xbZ gSA 

 
ABSTRACT. In this study an attempt has been made to estimate the rain potential of clouds using the signatures 

in visible and infrared spectral channels by multi spectral classification approach. The data for this study was obtained 
from Visible Infrared Scanner (VIRS) and TRMM Microwave Instrument (TMI) onboard Tropical Rainfall Measuring 
Mission (TRMM) satellite. Fifteen VIRS derived parameters have been used for classification and the clouds were 
separated into 24 classes using K-Mean classification algorithm. Six out of these 24 classes were found to have high 
raining probability as well as high cumulative contribution to the total rainfall (~80%).  A regression analysis has been 
performed to explain the TMI rainfall rate in terms of features derived from VIRS observations for these six classes.  The 
results of classification and verification have been discussed. 
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1. Introduction 
 

Measuring rainfall on a variety of temporal and 
spatial scales is one of the greatest challenges in 
atmospheric sciences. Accurate rain-rate measurements 
are required for wide range of applications, climate 
monitoring, drought detection, model verification, 
hydrological budget, modeling and severe weather and 
flash flood warnings. In remote sensing the retrieval of 
rainfall is most complex because of its high variability on 
both large and small scales. Much attention is now 
focused on the potential use of rain-rates to aid the 
initialization of forecast models by prescribing vertical 
heating rate profiles that corresponds to the observed rain-
rates   (Krishnamurti et al., 1990, Pal et al., 1999). Visible 
infrared data obtained from satellites can be used to derive 
reasonable estimates of rainfall (Arkin 1979). But it is 
noted that visible infrared algorithms for measuring rain 

rates are less physically direct than passive microwave 
algorithm thereby becoming less accurate than microwave 
techniques. Visible and infrared sensors detect more 
information about clouds than about rain. Microwave 
sensors are effectively giving better and direct estimates 
of rain-rates but due to their limited swath and longer 
repetivity time we cannot get the continuous information 
about rainfall for a particular place. Therefore 
geostationary satellites, which are continuously 
monitoring certain region of the globe, should be taken 
into use for rainfall estimation. Since geostationary 
satellites provide Visible/IR data only so there is a need to 
find a relation between different precipitating systems and 
rain-rates. 
 

With the launch of Tropical Rainfall Measuring 
Mission (TRMM) satellite in 1997, it has become possible 
for  the  first  time  to  make  simultaneous observations of  
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Fig. 1. Scan geometry of TMI and VIRS 

 

 
raining systems using a variety of sensors like TRMM 
Microwave Imager (TMI), Visible Infrared Scanner 
(VIRS), and Precipitation Radar (PR). This combination 
ensures that one obtains valuable and mutually 
complimentary information about the rainfall from 
different sensors of TRMM, and that may facilitate a 
number of new combined algorithms, using both 
microwave and VIS/IR observations, for estimating 
rainfall from space.   
 

In the “multispectral” approach, coincident 
observations in microwave, IR, and/or VIS spectrum are 
used for classification of clouds that characterize different 
types of raining systems. During the learning phase of 
classification, microwave, IR, and/or VIS measurements 
are from the coincident set of these observations, while, 
only VIS/IR measurements are used during the application 
phase, to locate the rain class of actual measurements 
within the higher dimension space of the learning      
phase. This arrangement gives the advantage of         
high temporal sampling of geostationary orbits as         
well as the higher physical content of microwave 
observations.   

  

For the present study, we have used TRMM products 
2A-12 (TMI observed passive microwave brightness 
temperatures, and instantaneous rain rates), and 1B-01 
(VIRS radiances at five channels). TMI has a conical scan 
whereas the VIRS scan is across track. In order to 
collocate the TMI and VIRS observations, we collected 
different TMI pixels from different scan lines, which 
coincided with a VIRS scene, made up of 32  32 VIRS 
pixels. For this, we first located a “central TMI pixel”     
and a “central TMI scan line” as per the                       
geometric configuration shown in Fig. 1. Central          
TMI pixel and central TMI scan lines were     
approximated as a sinusoidal function of VIRS scan line 
and pixels. 

 
In the present paper, we have tried to understand how 

the rain rates derived from microwave observations are 
related to IR/VIS observations of different cloud types. 
For the present study, we have used only VIRS data from 
TRMM for the classification of clouds, based on several 
physical and textural parameters. This is followed by a 
statistical analysis of the relationship between different 
cloud types and corresponding microwave signatures and 
rainfall rates derived using only microwave observations. 
In section 2, a brief description is given about the TRMM 
data used in the present study. This section also describes 
a simple geometric arrangement used to collocate the 

observations from different TRMM sensors. Section 3 
describes the physical and textural parameters, which 
were used as input to the clustering algorithm, and the 
statistical analysis used for making the appropriate 
selection. Second part of the same section also gives a 
brief description about the clustering. Results of the cloud 
classification and the relationship of cloud types with TMI 
observations of brightness temperatures and rain-rates are 
discussed in section 4. Finally the conclusions of the study 
and some suggestions for the improvement are presented 
in section 5. 

 

 
2. Data and methodology 
 

The VIRS is a five-channel imaging spectro-
radiometer with wavelengths of 0.63, 1.61, 3.75, 10.80, 
and 12.00 m. The VIRS is, in many ways, similar to the 
Advanced Very High Resolution Radiometer (AVHRR) 
that has flown since 1978 on the National Oceanic and 
Atmospheric Administration (NOAA) series of spacecraft 
in that both have the same center wavelengths and 
bandwidths.  The major differences between the two 
systems is the 2.11 km nadir IFOV of VIRS in contrast to 
1.1 km for the AVHRR and the fact that the VIRS has an 
onboard solar diffuser for post launch calibration of the 
two reflected solar bands.  The noise equivalent 
differences in temperature (NETs) listed are for              
a focal plane temperature of 107 K.  Predictions for      
end-of-life hot (worst case) performance for channel 5 
indicate a focal plane temperature of 122 K and a NET 
of  0.13 K. 

 

 
The above approximation function locates the central 

TMI pixels and scans lines within an average distance of 
about 0.1 degree from the center of the VIRS scene. The 
approximate time difference between the observations at 
this point by TMI and VIRS is less than 1 minute, which 
has been ignored in this study. Once this point is located, 
the TMI derived rain rates were averaged over 24 TMI 
pixels  (3 points  along  and  8  points across the TMI scan  
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TABLE 1 
 

Different features determined by analyzing VIRS observations  
( VIRS Channels : 1 = 6.3m, 2 = 1.61m, 3 = 3.75m, 4 = 10.8m, 5 = 12.0m ) 

 
Feature Notation Parameter Comments 

1 TCF Cloud Fraction Ratio of cloudy pixels to total pixels (32  32) in a scene 

2 α1 Channel-1 Albedo Solar zenith angle corrections were made to VIRS raw counts to get albedo 

3 CON Contrast Contrast of grey counts in channel-1 

4 χ )αNDVI(α1χ 31   α3 is the channel-3 albedo, NDVI is defined below 

5 NDVI NDVI (α1- α2)/( α1+ α2). NDVI differentiates water and cloud surfaces better 

6 2
4-5 2

4-5 

Channel-4=10.8m 

Channel-5=12.0 m 

Difference of squares of channel-4 and channel-5 brightness temperatures 

7 CC Cloud Connectivity A textural feature indicating if a scene is made of a few large clouds, or many broken ones 

8 BC Background connectivity Reverse, in nature, to cloud connectivity 

9 Φ1 Φ1 Fractional area of the scene, where 1 exceeds 0.5 

10 Φ2 Φ2 Fractional area of the scene, where   NDVI exceeds -0.25 

11 Φ3 Φ3 Fractional area of the scene, where   χ exceeds 0.5,  )31 αNDVI(α1χ 

12 TMEAN TMEAN Mean cloud top temperature 

13 TMIN TMIN Minimum of the temperature in 32  32 VIRS scene 

14 ASYM Asymmetry Textural asymmetry in 32  32 VIRS scene, computed using channel-1 

15 HOM Homogeneity Textural homogeneity in 32  32 VIRS scene, computed using channel-1 

 

 
 
lines) surrounding the mid point. This mean rain rate is 
then considered as the rain rate over the VIRS scene. 
Different parameters were computed from the five 
channels of VIRS for the cloud classification. A detailed 
description of these parameters is presented in the next 
section.   
    
3. Selection of physical and textural parameters from 

VIRS   
 

For the VIS/IR based cloud classification, various 
useful input parameters have been suggested by earlier 
researchers like Miller and Emery (1997) (referred to as 
ME97 here onwards), Garand (1988), Gu et al. (1989), 
Ebert (1987), etc. In the present study, TRMM 
observations give us an advantage, that an optimum 
selection of limited number of parameters can be made by 

testing the correlation of individual parameters with the 
collocated rainfall observations.  Initially we started with 
the parameters suggested by ME97, but found that in case 
of some parameters, certain functions of the parameters 
were better correlated with the coincident rainfall than the 
parameters themselves. This led us to formulate a new set 
of 15 parameters, which were used as input for cloud 
classification. These parameters include total cloud 
fraction (TCF), cloud albedo in first three channels (1, 2 
and 3 respectively), normalized difference vegetation 
index (NDVI), mean cloud top temperature (TMEAN), 
minimum cloud top temperature (TMIN), difference of 
squares of channel-4 and channel-5 brightness 
temperatures (2

4-5), cloud connectivity (CC), and 
background connectivity (BC), etc. Parameters based on 
the textural analysis of cloud features include contrast 
(CON),  asymmetry  (ASYM),  and  homogeneity (HOM).  
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TABLE 2 
 

Result of classification 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Each parameter is generated for a 32  32 pixel region of 
VIRS. This corresponds to a region approximately 70 km 
on a side. Miller and Emery (1997) used 32  32 region of 
AVHRR pixels, which corresponded to regions about 32 
km on a side, while Garand (1988) used regions 128 km 
on a side, but at lower pixel resolution.  ME97 have 
argued that a smaller region size, e.g. 32 km, is preferable 
for resolving the features associated with the convective 
activity. However, considering the coarser resolution of 
VIRS (2.11 km at Nadir) the selection of a smaller region 
would have meant some degree of compromise on image 
statistics, which needs a large number of pixels.   
 

Since the upwelling radiance in channel-3 (3.7 m) 
receives contributions from reflected solar radiance as 
well as from thermal emission, the albedo of this channel 
is estimated by subtracting the channel 3 emissive 
radiance for an object at the temperature given by 

channel-4 from the measured channel radiance. We denote 
this albedo as 3. Using the combinations of 1, 3 and 
NDVI, we introduced following features : 

 
)3αNDVI1(α1χ   

 
and also three  fractional  quantities 1, 2 and 3. The first 
fraction, 1 denotes the fraction of the VIRS scene where 
1 exceeds 0.5, therefore this fraction denotes the 
population of highly reflective and thick clouds. Similarly 
2 is the fraction of VIRS scene where NDVI  > – 0.25, 
and 3 is the fraction where 0.3. The parameters , 1, 
2 and 3 were formulated intuitively after several 
experiments, based on their correlations with the 
collocated TMI observed rain-rates. The 15 parameters 
were then used as input features in K-Mean algorithm 
(Hartigan and Wong, 1979) for classification. 

Class 
No. 

Number of     
32  32 scenes 

Number of 
 raining scenes 

Probability  
of rain 

% of total rain 
received 

Mean TMI   
rain rate 

1 753 454 60.29 9.08 0.76 

2 836 740 88.52 35.63 2.67 

3 635 253 39.84 2.95 0.29 

4 452 311 68.81 5.52 0.77 

5 1060 90 8.49 0.25 0.01 

6 1144 190 16.61 0.47 0.03 

7 854 338 39.58 3.26 0.24 

8 647 97 14.99 0.39 0.04 

9 690 76 11.01 0.26 0.02 

10 439 339 77.22 11.00 1.57 

11 626 61 9.74 0.12 0.01 

12 498 191 38.35 1.01 0.13 

13 428 311 72.66 8.34 1.22 

14 691 51 7.38 0.06 0.01 

15 1233 136 11.03 0.30 0.02 

16 574 261 45.47 1.75 0.19 

17 521 409 78.5 10.30 1.24 

18 522 87 16.67 0.54 0.07 

19 631 39 6.18 0.10 0.01 

20 370 178 48.11 1.71 0.29 

21 718 396 55.15 3.79 0.33 

22 794 326 41.06 2.99 0.24 

23 691 58 8.39 0.18 0.02 

24 993 17 1.71 0.01 0.00 
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TABLE 3 
 

Feature mean for selected raining classes 
 

NC CON HOM ASYM CC BC T MEAN 
(K) 

2
54  

(K2) 

1  NDVI   TCF TMI N 
(K) 

1 2 3 

1 162.32 1.70 7.7 1.0 0.93 234.3 1173 0.74 0.21 0.51 0.95 212.5 0.16 0.07 0.31 

2 45.23 3.15 14.4 1.0 0.97 221.7 1022 0.87 0.17 0.72 1.00 208.5 0.95 0.90 0.99 

4 562.03 1.26 4.0 0.9 0.58 245.4 965 0.73 0.22 0.58 0.61 222.0 0.01 0.01 0.06 

10 116.28 2.08 9.1 1.0 0.91 229.3 1033 0.79 0.18 0.63 0.99 210.5 0.46 0.44 0.77 

13 239.81 1.35 5.8 1.0 0.39 247.5 932 0.76 0.21 0.65 0.96 222.4 0.20 0.10 0.59 

17 86.82 2.24 10.1 1.0 0.98 240.0 1003 0.80 0.23 0.64 1.00 223.8 0.83 0.08 0.91 

 
 
 

TABLE 4 
 

Centroid means for the selected classes obtained from the classification algorithm 
 

NC CON HOM ASYM CC BC TMEAN 2
54  1 NDVI   TCF TMIN 1 2 3 

1 0.11 0.08 0.06 1.00 0.93 0.44 0.26 0.70 0.78 0.52 0.94 0.29 0.16 0.07 0.31 

2 0.03 0.17 0.13 1.00 0.97 0.29 0.22 0.85 0.90 0.69 1.00 0.25 0.95 0.90 0.99 

4 0.40 0.05 0.02 0.91 0.56 0.69 0.21 0.69 0.76 0.58 0.52 0.39 0.01 0.01 0.06 

10 0.08 0.10 0.07 1.00 0.91 0.38 0.22 0.76 0.86 0.62 0.99 0.27 0.46 0.44 0.77 

13 0.17 0.06 0.04 1.00 0.36 0.60 0.20 0.72 0.79 0.64 0.95 0.39 0.20 0.10 0.59 

17 0.06 0.11 0.09 1.00 0.97 0.51 0.22 0.77 0.73 0.62 1.00 0.41 0.83 0.08 0.91 

 
 
 
     A brief description of different features and notations 
used for them in forthcoming text is given in Table 1. 
  
4. Results 
  

Table 2 shows the types of classes obtained by 
applying the clustering algorithm on the training data set. 
This table contains number of scenes, number of raining 
scenes, raining probability, percentage of rain received 
and rain rate in each class. It can be seen from Table 2 that 
different classes are associated with mean rain rate 
varying from very low (0.1 mm/h) to moderate (~ 2.67 
mm/h) ones. It can be seen that there are six classes (1, 2, 
4, 10, 13, 17) each of which has probability of rain greater 
than 60% and cumulatively these accounts for 80% of the 
total rainfall received. These classes have rain rates 
between 0.5-2 mm/h. There are few other classes 
(3,7,12,16,20,21,22) with probability of precipitation 
between 30-60% and rain rates between 0.1 – 0.5 mm/h. 

The remaining classes in Table 2 are those with low rain 
rates (< 0.1 mm/h) and probabilities of precipitation (< 30 
%). It can be seen here that class 2 has the highest rain 
rate (2.67 mm/h). Table 3 lists the feature means for the 
above-mentioned six classes with prominent rainfall. 
Some distinct features associated with class-2 are; very 
low cloud top temperature (~ 208.5 K), total cloud cover, 
with high connectivity. The features 1  and   have high 

values for this class while NDVI for this class is smallest 
among all classes. This class can also be distinguished by 
very high values of features 1, 2  and 3  as compared 
with other classes. The probability of precipitation in this 
particular class is 88.5%, which is fairly high, and the 
class produced 35% of the total rainfall.   It can be seen 
that the feature means in a particular class have a distinct 
value that distinguishes them from other classes. Thus the 
K-Mean Clustering Algorithm is able to separate out the 
sample data scenes into various meaningful classes.  
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Fig. 2.  Comparison of VIRS retrieved rain rates with collocated TMI rain rates for different classes 
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Fig. 3.  Comparison of VIRS retrieved rain rates with collocated TMI rain rates for different classes 
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Our next step was to assess how the cloud       
features based on visible/IR observations are related to 
rainfall rates. Multiple linear regression analysis was 
performed separately for each class to explain average 
TMI rain rates in terms of cloud features observed by 
VIRS observations. Our analysis shows that for each 
class, a different set of features was necessary to explain 
maximum variance of observed  rainfall  rates.  Table 4  
provides  a  summary of regression analysis for six 
prominent classes. It can be seen that the explained 
variance for the six classes lies in the range 49-63% and 
the standard error is between 0.79-1.93 mm/h. The highest 
variance is explained by class – 4 (62.8%). The highest 
standard error is for class-2 (1.93). This may be because 
class-2 is the maximum raining class with very high rain 
rates at some scenes. So the error of estimation is high 
there. 
 
 
 

Verification with the new data set 
 
 

For testing the accuracy of our method we used three 
(503 scenes of 32  32 pixels) orbit data of VIRS (1B01 
TRMM product) belonging to period July 2000 along with  
the collocated instantaneous TMI rain rates (2A12 
product). The data was separated into 24 classes using 
centroid means of the training data set. Table 5              
lists the results of classification for the verification        
data set. It can be seen that class 2; the most raining class, 
with mean rain rate ~ 2.77 mm/h and 76 out of 503 total 
scenes belonging to this class has 85.53% raining 
probability and it contributed 70.4% of the total rain. 
Besides this, class 10 also had significant contribution 
(12.5%) of total rain with a high mean rain rate (1.30 
mm/h). Other raining classes were 1, 4, 13 and 17 with 
less number of raining points. It can also be seen that the 
non raining classes (class –24) has been very well 
separated out with only one raining point out of  64  total 
points.   
 

Using the regression coefficients generated by 
training data set we estimated rain rates for the above five 
classes (1, 2, 4, 10 and 13) separately and the scatter plots 
of TMI instantaneous rain rates vs. the rain rates estimated 
by our method are shown in the Figs. (2-3).   Fig. 3 shows 
the scatter plot for class-1 that contained 28 points. The 
correlation value for this class is  52% and the mean 
absolute difference is 1.78 mm/h. For class–2 (Fig. 2) the 
results are quite encouraging. Except for few heavy 
raining points the estimated rain rates are very well in 
agreement with TMI observations. The correlation for this 
class is 61% and   the mean absolute difference is 2.14 
mm/h. 

TABLE 5 
 

Various classes and their characteristics using  
the verification data set 

 
B N NR POP RF RR 

(mm/h) 

1 28 8 28.57 2.15 0.23 

2 76 65 85.53 70.43 2.77 

3 6 1 16.67 0.06 0.03 

4 5 5 100.00 1.22 0.73 

5 24 0 0.00 0.00 0.00 

6 29 4 13.79 0.13 0.01 

7 14 5 35.71 0.50 0.11 

8 19 1 5.26 0.04 0.01 

9 16 0 0.00 0.00 0.00 

10 29 17 58.62 12.58 1.30 

11 20 0 0.00 0.00 0.00 

12 14 6 42.86 1.53 0.33 

13 22 13 59.09 3.89 0.53 

14 24 1 4.17 0.00 0.00 

15 28 3 10.71 0.12 0.01 

16 7 0 0.00 0.00 0.00 

17 31 22 70.97 5.91 0.57 

18 11 4 36.36 0.18 0.05 

19 9 2 22.22 0.09 0.03 

20 1 0 0.00 0.00 0.00 

21 13 5 38.46 1.02 0.23 

22 8 1 12.50 0.01 0.00 

23 5 1 20.00 0.09 0.05 

24 64 1 1.56 0.06 0.00 

 
 
5. Conclusions 
  

Using multifeature classification approach a rainfall 
estimation method is presented in this paper where only 
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visible and infrared satellite data is used. The training data 
used belonged to the month of July, which is maximum 
rain receiving season of the year in tropics. This method is 
able to classify the clouds into various raining and non -
raining classes. We have also seen that the feature values 
are distinct for different raining and non-raining classes 
and the rain estimates from the obtained classes are 
matching well with the microwave observations which are 
supposed to be more direct methods of rain estimation. 
For the maximum raining class the method is performing 
very well though it did not perform satisfactorily for some 
classes. The reason may be less number of points in that 
particular class. This method can be used to estimate rain 
rates from geostationary satellite data, which provide 
information on better spatial and temporal resolution than 
microwave, and instantaneous rain rates over larger 
domain can be estimated. However, some improvements 
are still left do be done. One of them is that the criteria for 
delineating cloudy pixels from oceanic and land pixels, 
has to be given more thought so as to perfectly separate 
out cloudy regions. Another aspect, which needs more 
research, is the size of scene to be used for better 
classification. 
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