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Development of a Neural Network Based Algorithm
for Rainfall Estimation from Radar Observations

Rongrui Xiao,Member, IEEE and V. ChandrasekaMember, IEEE

Abstract—Rainfall estimation based on radar measurements manner were able to demonstrate significant improvements
has been an important topic in radar meteorology for more ysing multiparameter radar based rainfall estimates [5], [6].
than four decades. This research problem has been addressedZawadzki [7] suggested that significant problems exist in

using two approaches, namely a) parametric estimates using . d d infall . f
reflectivity-rainfall relation ( Z-R relation) or equations using €XP€riments conducted to compare rainfall estimates from

multiparameter radar measurements such as reflectivity, differ- radar and raingage due to the observation process and other
ential reflectivity, and specific propagation phase, and b) relations physical mechanisms. Radar observation at one elevation

obtained by matching probability dIStI’!bUtIOI’] fu_nct|ons of_radar angle is nearly an instantaneous snap shot of the horizontal
based estimates and ground observations of rainfall. In this paper reflectivity structure. whereas the raingage has to accumulate
we introduce a neural network based approach to address this Yy e ! . g9ag :

problem by taking into account the three-dimensional (3-D) struc-  OF count sufficient number of raindrops to obtain an accurate
ture of precipitation. A three-layer perceptron neural network estimate of rainfall accumulation. The various mechanisms
is developed for rainfall estimation from radar measurements. jnvolved in the rainfall observation process by radar and

The neural network is frained using the radar measurements ., ,nq hased instrumentation are complex and exhibit wide

as the input and the ground raingage measurements as the iabilitv. Both rad d ¢ b . d q
target output. The neural network based estimates are evaluated Varability. Both radar and surface observations may depen

using data collected during the Convection and Precipitation On the three dimensional (3-D) structure of the drop size
Electrification (CaPE) experiment conducted over central Florida  distribution (DSD).
in 1991. The results of the evaluation show that the neural In this paper a totally different approach, namely, a neural

network can be successfully applied to obtain rainfall estimates . . .
on the ground based on radar observations. The rainfall estimates network based technique, is introduced to address the rainfall

obtained from neural network are shown to be better than €stimation problem using radar data. Without assuming any
those obtained from several existing techniques. The neural parametric relation, this technique maps the three dimensional
network based rainfall estimate offers an alternate approach to radar measurements such( &y, Zpr ) to the ground raingage
Fhe ralnfgll estimation problem, and it can be implemented easily measurements directly. Using raingage measurements as the
in operational weather radar systems. ;
target set of observations on the ground, the neural network
Index Terms—Multiparameter radar, neural networks, radar  gpproximates the relation between the radar measurements and
rainfall estimation. ground rainfall observations based on a training data set. When
the neural network is trained appropriately, it generalizes the
I. INTRODUCTION relations so that it can be applied to other new data sets. The

CCURATE estimation of ground rainfall from rada theoretical basis of this technique is the universal approxima-
measurements is an important topic of current interegf?n theorem which states that a multilayer feed-forward neural

Traditionally, radar rainfall estimates were computed from %Work (MFNN) such as a multilayer perceptron (MLP) is
parametric reflectivity—rainfall relation that was allowed tg@pable of performing any nonlinear input-output mapping (8],
vary from place to place and season to season. Such [}, Due to the dense interconnections and adaptive nature, the

approach has not been very successful because of the exter@jiFal network algorithm is also robust or error tolerant [10]
variability observed withz-R relations with rainfall types and Which implies that error at a few input nodes or links will not
climatic regions [1]. Multiparameter radar estimates of rainfaflamage the overall performance very much.
were introduced by Seliga and Bringi [2], [3] using differential e have developed three-layer perceptron neural networks
reflectivity (Zpr) and specific differential propagation phasé&® provide rainfall estimates on the ground from radar obser-
(Kpp) to address the problem of rainfall estimation by obtainzations. Two such networks have been developed, one using
ing better characterization of the drop size distribution. Sactigflectivity Zy alone as the input, the other using bath and
dananda and Zrnic [4] usef{pp measurement to estimatedifferential reflectivity Zpg as the input. The neural networks
rainfall. In spite of advances made by multiparameter radere trained by using a subset of the data collected by the
estimates of rainfall, only few experiments done in a controll€dP-2 multiparameter radar and a few raingages from the
_ _ _ _ Kennedy Space Center (KSC) raingage network during the
Manuscript received December 5, 1995; revised July 1, 1996. This work WS\ pE experiment [11]. The neural networks were subsequently
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perceptron for the rainfall estimation problem. Section Il
describes the the training and testing data sets used in the Rainfall Estimate
development of neural network based rainfall estimation. Sec-
tion IV presents the results of multiparameter radar rainfall
estimation using neural network. Section V summarizes the
important results of this paper. Output Layer

Il. THE NEURAL NETWORK FOR

RADAR RAINFALL ESTIMATION ]
2nd Hidden-Layer

A. Three-Layer Perceptron Network for
Function Approximation

Rainfall rate obtained on the ground can be potentiallylstHi dden-Lager
dependent on the 3-D structure of precipitation aloft. In
principle one can try to obtain a functional approximation
between rainfall on the ground and the 3-D radar observation
above the observation point. Therefore, the rainfall estimation
problem can be viewed as a complex function approximation!tPut Layer
problem. The universal approximation theorem for neural
network states that a two-layer feed forward perceptron net-
work with nonconstant, bounded, and monotone-increasing
continuous activation function can perform arbitrary nonlinear Radar Daa Input
input-output relationship mapping [12]. Therefore, a two-layer
perceptron network can be used for the rainfall estimaticgrﬂJ
problem. The above universal approximation theorem gives
the theoretical justification for the approximation of an arbi-
trary Continuous function by a two_|ayer (One hidden_|ayeﬁ)'aining thl’ee-layel’ rainfa” estimation perceptl’on netWOI’kS.
perceptron network. In practice, however, a three-layer (twd'e details of the algorithm are described in the Appendix.
hidden-layer) perceptron network works better than a two-
!ayer perceptror_1 for the_: function approximati(_)n prqblem. Th@ Training and Testing Data Generation
is because the interaction between neurons in a single hidden- ) o o
layer network makes it difficult to obtain a globally good A representative tr_ammg data S_et consisting of the radar
approximation, while a two-hidden layer network isolates arf{ft@ and corresponding ground raingage data are needed to
thus reduces the interaction effects by solving the problem §§velop a multilayer perceptron for the rainfall estimation
two steps, i.e., the first hidden-layer extracts the local featuf@@Plem. Radar data and other related information are applied
of the input data whereas the second hidden-layer extrafdsth® network as the input and the corresponding raingage
the global feature, to make the approximations in differefi{@ are used as the target or desired output [Fig. 2(a)]. The
regions of the input space individually adjusted [12]. Due f62ining procedure for a multilayer perceptron includes two
above reasons, three-layer perceptron networks are chosefiliPS: namely forward propagation and backward propagation.

this paper for the rainfall estimation problem. The structure df'® connectional weights are updated during the backward
a three-layer perceptron is shown in Fig. 1. error propagation according to the learning algorithm. This
process is repeated until the error between the network output

and desired output (raingage measurement) meets the pre-
scribed requirement. When the training process is complete,
A neural network learns the input—output relationshithe network is ready for application. Rainfall estimates can be
through the training process. The learning process in obtained if radar data are applied to the network at this stage
neural network is an interactive procedure in which itf=ig. 2(b)].
connection weights are adapted through the presentatioThe neural network developed here accepts radar data as
of a set of input—output training example pairs. Learningput to provide an estimate of rainfall on the ground. Radar
algorithms dictate the changes of the weights. The gradiatdta over a storm are typically collected in a sequence of plan
descent based back-propagation algorithm is the most popuydasition indicators (PPI) or range height indicators (RHI). The
learning algorithm for multilayer perceptrons [13]. Howeversequence is usually extended in space to obtain full coverage
the convergence rate of the training error in these algorithmsoiger the storm cell. In order to provide a consistent format
very slow. Several fast learning methods using recursive leé&st the input data to the neural network, we generate constant
square (RLS) method to speed up the learning precess of Madtude PPI's (CAPPI) at different altitudes. These CAPPI’s
have been proposed [14], [15]. The RLS learning algorithoan be generated from both PPl and RHI volume scans. Fig. 3
based on Azimi and Liou [14] is implemented in this paper fahows the schematic of the input data generation for the neural

. 1. The structureof the three-layer perceptron neural network.

B. The Recursive Least Square Learning Algorithm
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Fig. 2. Development of the multilayer perceptron (MLP) for rainfall estima- 4k |
tion: (a) Training of a MLP for rainfall estimation. (b) Application of MLP
for rainfall estimation.
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/ Fig. 4. KSC raingage locations relative to the CP-2 radar (located at the
origin). Twenty raingages were used in the experiment. Data from six
raingages are used to form the training data set for the neural network.

H=20km

2. Mean radar observations averaged over 3 km grids
for four levels such as 1.0 km, 2.0 km, 3.0 km, and
4.0 km (1 km apart). By utilizing mean vertical profile

= Lok S '\\ E / above the lowest level we reduce the size of the input
N/ and therefore the size of the network. Note that the radar
Average Over Bvery \ ' / < -— Distances D measurements referred in item 1 and item 2 above can be
 Nelghiboring Grids A/ either reflectivity(Zy), differential reflectivity (Zpr),
Q'&/ or any other measurement from a multiparameter radar.

In this paper, we have restricted our analysisZtp and
Zpr Measurements.

3. Spatial information is used to form the other part of
the input data as an attempt to provide the spatial
information of the data points with respect to the target

netWOI‘k. Let the pOint marked “Location Of Rainfa” EStimate" point Where rainfa” estimate iS made_ The distances

on Fig. 3 be the target point where rainfall estimate is desired.  from the center of each four neighboring grids at the

This estimate may be influenced by the precipitation above, |owest elevation are provided as part of the input data.

over a much wider area extending to several kilometers in all The he|ghts of the four levels Corresponding to the four

directions. However, it is also reasonable to assume that the averagedZy values representing the vertical profile are
storm cells far away from the observation point are less likely  also provided as part of the input data set. In this paper
to influence precipitation observed at a point. The input data  these distances are represented/hy

set to the neural network is as follows (see Fig. 3): Therefore, each input vector includBs; (andZpr) values,

1. Radar measurements at every kilometer overa®3km and distance informatio®. The target output of the neural
square grid at the lowest elevation CAPPI (Fig. 3 showsetwork corresponding to each input vector is the average
the lowest elevation CAPPI for the data set used in thiainfall rate during the period of a radar volume scan. The
paper as 1.0 km). resolution of raingage data used in this paper is one minute. It

Location of Rainfall Estimate

Fig. 3. Data structure that forms the input to the neural network.
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Fig. 5. CAPPI scans of CP-2 radar during a rainstorm on July 26, 1991. (a) Horizontal reflegtivitand (b) differential reflectivityZ),y; .

typically takes several minutes to complete a volume scan over [ll. DATA SOURCES AND PROCESSING

a storm cell with current weather radar systems. Therefore the )

accumulating time period should be of the same order of radhrRadar and Raingage Data Sources

volume scan times. During the CaPE experiment, CP-2 radaiRadar and raingage observations collected during CaPE
took approximately 5 min to finish a PPI volume scan. We hawexperiment are used to demonstrate the neural network based
used mean rainfall rate based on 5 min gage accumulationraimfall estimation procedure. CaPE experiment was conducted
the target output. in the central Florida region during the summer of 1991 [11].
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TABLE | 300
THE CHARACTERISTICS OF THECP-2 MULTIPARAMETER RADAR j
Characteristic ‘ CP-2 Radar ‘ . 250
Polarization type Lincar %200 \
Wavelength (cm) 10.7 uES‘ *
Peak power (kW) 1200 g150
Pulse length (ps) 1.0 =
PRF (57 1) 960 £
Antenna type Center fed paraboloid *
Antenna size (m) 8.5
Beamwidth 0.93°
Polarizations transmitted Lincar Vor H |
Polarization received Copolar to transmit
Maximum sidelobe level (dB) 221
Polarization control method Ferrite switch
Polarization control period Pulse by pulse

Fig. 6. Raingage measurements over 20 the KSC gage sites during a storm

. . . on July 26, 1991, Florida.
One of the objectives of CaPE program was remote estimation

of rainfall. The radar data were collected by the NCAR CP-2
radar and the raingage data were collected by 20 tipping buckef*
raingages with a recording resolution of 1 min. The gage data
were maintained by the NASA Tropical Rainfall Measurement o.os-
Mission (TRMM) program. The gages were located in the !
vicinity of the Merrit Island area at the KSC. Fig. 4 shows .,
the locations of CP-2 radar and the raingages. The gages V\@I |
be referred hereforth as KSC raingages. The radar parametérs !

of interest to this paper are the reflectivity factor at horizontag *° \ |
polarization(Zy) and the differential reflectivity Zpg) both § \
measured at S-band frequency by the CP-2 multiparametep-o2| :
radar. Table I lists the main features of the CP-2 radar that are
relevant to this paper. Data used in this paper were collected, ;

by integrating 64 sample pairs with 1 ms PRT (pulse repetition J\/\
time). CP-2 radar performed sequences of PPI volume scans | . . ‘ ‘ ‘ ]
over the KSC raingage area during four storm events on days ° 5 10 15 20 25 30

# of Training Epoch

July 26, July 30, August 9, and August 19, 1991. Constant
Altitude PPl (CAPPI) data containing; and Zpg values at Fig. 7. Training error of the 3-layer perceptron neural network i as
four levels (1 km, 2 km, 3 km, and 4 km) were generated frofi® Pt

the radar data. Fig. 5(a) and (b) show examples of ratjar

and Zpg CAPPI scans at 1 km level. value can be easily changed), i.e.,
Fig. 6 shows the raingage measurements over all 20 KSC on = Z31/60.0 (1)
gage sites on July 26, 1991. Five-minute integration is per- h = AH[EEE

formed on the raingage data to obtain the corresponding meamo scaling is applied t&Zpg values. For distancé) as

rainfall rate measurement in the period of a radar PPI volumgentioned in Section Il, a Gaussian weighting function is
scan. This mean rainfall rate obtained over 5 min over raingaggplied as follows

measurements is used as the target output for the training 5
data set and as the ground truth for the network performance d = exp[—(D/4.0)°]. (2)

evaluation. A log function transformation is applied to the 5-minute

mean rainfall rate values to provide a target output between

B. Preprocessing of the Training and Testing Data 0 to 1, to make the output layer of the perceptron network
The input vector is scaled such that elements in the inpyerk in a linear region. Lef?,,, be the maximum possible

vector are of similar magnitude, in order to ensure that no p@infall rate to be encountered in the observation. Then the

rameter is dominant over other parameters and the importati@asformation applied to rainfall rate is

of each parameter is equally presented to the network. For R

example, the value of reflectivitg;; is normalized with the r=logi(R+1)/C ®)

possible maximum reflectivity value such as 60 (this maximuWhere C = log;o(Rmax + 1)
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Fig. 8. Performance of a three-layer perceptron network ugiggas input during training and testing, shown as a function of the training epoch. The
evaluation parameters in (a)—(d) are the bias, root mean square error (rmse), correlation coefficient (corr coef), and fractional stand&t}l ezspe@tsely.

In the case when only reflectivity factafy is used to shown in Fig. 4 with the symbol of “0.” The trained network
obtain rainfall estimates, a vector of normalized reflectivitiegas subsequently utilized to estimate the rainfall at the other
z;, and corresponding scaled distandeare used as the input14 gage locations to evaluate the performance. The neural
to the multilayer perceptron, and the length of input vector jgetwork sizes are determined after several trial and error
26 (13, 2, plus 13, d). In the case when botlf;; and Zpr  experiments. The size of the input layer is decided by the size
values are used to obtain rainfall estimates, za» andd are  of the input vector, which is 26 or 39 depending on the data
combined to form the input vector and the size of input veCtofsey The size of the output layer is decided by the size of the
is 39(13, 2, plus13, zg, plus13, d). The value of normalized target output vector, which is 1 for this application. The size

mean rainfall rate- is the desired output for both cases. A%f the two hidden layers are decided by observing the training

inverse function is applied to the network output to retrieve o .
: : . convergence error and generalization performance of the trial
the rainfall estimate given by . . .

network. The size of the first hidden layer should be larger than
R=10°"-10 (4) the input layer to ensure the network handle the complexity
of the input properly, whereas the size of the second hidden
We choose data from six out of 20 gages to train tHayer should not be too large to avoid poor generalization

neural network. The location of the six training gages aperformance. For the case when oiy; is used for rainfall
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They are expressed as follows

80 T
— Raingage . N,
70} NN with Zh input - 1
— - NN with Zh, Zdr input RFg = F ZRFQ(L) (8)
80k o d 9 =1
< ]\T
lel} _ 1 g
i | To : F,=-—Y RF, 9
ESO ‘o R n Ng ZR n(L) ( )
E ! =1
g4 1 ; N 3
§ : | 1 Vg o
‘ r o o(RE,) = 8+~ D_[RE,()) = REJ ¢ (10)
© | 9 =1
20+ 9 o : ?o I o ] N i
! ! ‘ ° j 1 < N B
s | | 1 B o o(RF,)=<{ -— Y [RF,(i{)—RF,]*y . (11
o | | ‘ B ; (BE) =9 3 ;[ (i) = RF,] (11)
el e =
0] 2 4 6 8 10 12 14 16 18 20 .
Id # of Training Gages 4) Fractional standard error (FSE)
Fig. 9. Comparison of accumulated rainfall at six training gage sites. ]\L i\zgl |RFg(i) _ RFn(L)|
FSE = —= — . (12)

RF
estimation, the size of the three-layer perceptron is chosen as 7

26:27:17:1 representing the number of nodes (neurons)gnThe Cross-Validation Scheme
the input layer, first hidden layer, second hidden layer and
The performance of the network can be evaluated at every

the output layer, respectively. When b and Zpg, are - . L
P y P y oy e slage of the training process. This evaluation is done by com-

used, the size of the network is chosen as 39:47:21:1. NOt&* : .
that these network sizes are not necessary the optimal kg9 the netwark outputs with actual raingage measurements

the rainfall estimation problem. Rigorous evaluation of that the gage locations that are used in the training process

optimum network size is beyond the scope of this paper. aS.V.Ve” as at the gage Iocat|ons.that are not part. of .the
training data set. This procedure is called cross-validation,

which is designed to check the generalization performance

IV. NEURAL NETWORK RAINFALL ESTIMATION RESULTS ¢ the neural network. Fig. 7 shows the training error (the
mean-squared error between the desired output and the actual

A. Performance Evaluation Criteria network output) versus training epoch for the neural network

Several statistical measures, namely, the bias, the root méaat uses reflectivity only. The term epoch represents the
squared error, the correlation coefficient and the fraction@hining cycle during which the whole training data set is
standard error between the raingage measurements andagplied to the neural network once.
neural networks estimates were computed to evaluate thd=ig. 8 shows the cross-validation results based on four-day
performance of the network. LeN, be the total number rainfall accumulations obtained from the raingages and from
of raingages involved, an®F (i), RF,(:) be the raingage the three-layer perceptron neural network that usgss input
accumulations and the corresponding neural network rainfér both the training and the testing data sets. Fig. 8(a)—(d)
estimates at théth gage location, then the definitions of abovéhow the performance evaluation parameters, namely, bias,
statistical quantities are as follows: root mean-squared error (rmse), correlation coefficient (coef),

1) Bias and fractional standard error (FSE) as a function of training

N epoch, respectively. The solid lines in Fig. 8 are results for

) 1 ) ) training data whereas dotted lines are results for testing data.
bias = N, Z[RFQ('L) — RF,(4)]. (5)  We can see that the bias, rmse and FSE all have a decreasing

=1 trend but the correlation coefficient has an increasing trend,

2) Root mean squared error (rmse) indicating that the neural network learns and generalizes the
. radar measurement-rainfall relations as the training proceeds.

1 e 2 We can also see from Fig. 8 that the bias and the errors

rmse = —Z[RFg(i) — RF, (D] ¢ . (6) increase after epoch 23, indicating that “overtraining” is
Ng i=1 occurring after this point and training process should be

stopped here. The cross-validation results for the case when
both Zy and Zpg are used as input are similar to the results

T{g N, [REF,(i) — RF,] [RF,(i) — RF,,] shown in Fig. 8.
o(RF,) -o(RE,)

3) Correlation coefficient (coef)

coef = ;
@) C. Rainfall Estimation Results and Performance Evaluation

whereRF is the mean ofRF, (i) and RF,, is the mean 1) Comparison of Daily Rainfall EstimationRainfall ac-
of RF,(i). o(RF,) ando(RF,) are standard deviations.cumulations obtained from raingage measurements and neural
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Fig. 10. Comparison of one-day, two-day, and four-day rainfall accumulations obtained from raingages measurements and neural network besed estima
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networks are compared in this section. Fig. 9 shows th®ining the network. The results of Fig. 10 show that the gage
comparisons of four-day rainfall accumulations at the sind neural network based estimates of rainfall accumulations
training gage sites. Fig. 10(a) shows the comparison afiree well at all gage sites including those that were not part of
one-day (July 26) accumulations observed by raingagie training data set. Fig. 11(a)—(c) show comparison of one-
and inferred by neural network estimates obtained usidgy, two-day and four-day rainfall accumulations obtained
Zy. Fig. 10(b) and (c) show similar results except twoby the neural network usingy and Zpgr as well as by
day accumulations and four-day accumulations are comparegngages, respectively. We can see from Fig. 11 that radar
Note again that data from six of the twenty gages were usedrainfall accumulations and gage measurements compare very
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Fig. 11. Comparison of one-day, two-day, and four-day rainfall accumulations obtained from raingages measurements and neural network besed estima
using Zy and Zpr: (&) one-day rainfall accumulations at 19 gage sites on 07/26, (b) two-day rainfall accumulations at 17 gage sites, 07/26 and 08/19,
(c) four-day rainfall accumulations at 20 gage sites, 07/26, 07/30, 08/09, and 08/19.

well. The statistics of the comparison shown by Figs. 10 aMdarshall-PalmerZ-R algorithm is given by
11 are summarized later in Table Il to Table IV.

Comparison With Parametric Rainfall Algorithm$Rainfall R(Zy) = 0.03652%5%. (13)
algorithms in the past have been obtained as parametric
equations based oy or Zy and Zpg. NumerousZ-R This choice is fairly arbitary and it should not be seen as
algorithms are available in the literature. We have chosen tbgaluating the performance of Marshall-Palnief? relation.
Marshall-Palmer [16F-R relation for comparison here. TheThe(Zy, Zpr) based parametric algorithm given by Gorgucci



XIAO AND CHANDRASEKAR: DEVELOPMENT OF A NEURAL NETWORK BASED ALGORITHM 169

TABLE I
PERFORMANCE EVALUATION OF Z-R RELATION AND NEURAL NETWORK BASED RAINFALL ALGORITHM
USING Zp7. VALUES OF RF'y, RF.,, RF,, Bias, AND RMSE ARE IN MILLIMETERS

Experiment | Raingage Zu, Zpr-R Relation Neural Network, Zy, Zp Input

Day ﬁfg RF ., | bias | rmsc | coef | FSE | RF, | bias | rmse | coef | FSE
07/26/91 13.74 | 6.86 | 6.88]9.34 [0.75]0.51 [ 13.25 | 0.50 | 5.66 | 0.78 | 0.26
07/30/91 8.83 | 2.83 [5.99] 7.56 [0.96|0.68 | 7.10 | 1.73 [ 3.32 | 0.94| 0.29
08/09/91 | 9.67 | 5.10 [4.57| 6.07 | 0.89]0.48 [11.92]-2.25] 3.64 | 0.92 | 0.26

08/19/91 13.75 6.85 | 6.90| 888 | 0.77]0.52 | 12.67 | 1.08 | 3.66 | 0.91| 0.19

TABLE Il
PERFORMANCE EVALUATION OF Z 4, Zpr-R RELATION AND NEURAL NETWORK BASED RAINFALL ALGORITHM
UsSING Zp and Zpr. VALUES OF RF'y, RFq,, RF,, Bias, AND RMSE ARE IN MILLIMETERS

Experiment | Raingage Zg, Zpr-R Relation Neural Network, Zy, Z;g Input
Day RF, RFE,, | bias | rmse | coef | FSE | RF,, | bias | rmse | coef | FSE
07/26/91 13.74 14.01 | -0.26 | 6.28 [ 0.7910.29 | 12.74 | 1.01 | 4.49 | 0.88 | 0.18
07/30/91 8.83 6.24 | 2.38 | 3.30 1 0.98 | 0.29 | 7.56 | 1.27 | 2.79 1 0.94 | 0.22
08/09/91 9.67 9.22 | 0.45 | 2.83 |0.91|0.23 | 11.52|-1.85| 4.58 | 0.88 | (.29
08/19/91 13.75 11.49 | 2.26 | 5.53 | 0.79|0.34 | 13.47| 0.28 | 3.83 | 0.89 | 0.18

TABLE IV
STATISTICAL COMPARISON OF FOUR RAINFALL ALGORITHMS BASED ON TwO-DAY AND FOUR-DAY
ACCUMULATIONS. VALUES OF RF'5y4, RF 44, BiaAs AND RMSE ARE IN MILLIMETERS

Rainfall 2-Day Accumulation 4-Day Accumulation
Algorithin RF,y | bias | rmse | coef | FSE | RE44 | bias | rmse | coef [ FSE
Z-R Relation 8.93 [9.66|12.93]0.86| 0.53 | 16.41 | 17.93 | 22.05 | 0.90 | 0.52
NN, Z;; Input 18.51 | 0.08 | 5.67 [ 0.92]0.20 | 33.99| 0.35 | 8.04 10.92|0.16
Zu, Zpr-R Relation | 16.92 | 1.67 | 6.73 | 0.87 ] 0.26 | 31.32 | 3.02 | 8.41 |0.93]0.17
NN, Zy, Zpg Input | 18.49 | 0.10 | 5.85 | 0.91]0.17 | 33.93 | 0.41 | 7.34 [0.94| 0.12

[6] as average raingage measurement over all gage sRé%, is
] —0.3857 defined as the daily average rainfall accumulation estimate
Bpr = 0.01Z3110702% %o 14 over all gage sites, an®iF., and RF,. are similar to
is used for making comparison with neural network rainfalRF', except they are computed usid§z R and Zy, Zpr-R
estimates based off; and Zpg. relations, respectively. The results of Table Il show that the
The four algorithms, namely ay-R relation given by neural network based rainfall estimates usifjg performs in a
(13), b) (Zu, Zpr) based rainfall algorithm given by (14),fairly consistent manner over the four different days, providing
c) neural network based algorithm usitf;, and d) neural rainfall estimation to an average FSE (over four days) of about
network based algorithm usingy and Zpg, are evaluated 25%. Similarly, the results of Table Il show that the neural
on common data set in this section. The comparison is dometwork based algorithm usingy, Zpr produced rainfall
by evaluating the performance for rainfall estimation on folgstimates to an average FSE (over four days) of about 22%. In
different days. In addition, two-day and four-day accumulaticaddition, neural network based rainfall estimates have smaller
results obtained by the various algorithms are computed. Thiases than those obtained frafaR or Zy, Zpr-R relation.
comparison is made in terms of bias, RMS error, correlatidfrom Table Il the average bias over four days for the
coefficient and FSE. relation estimates is 6.09 mm, whereas the average bias for
Table Il shows the statistical performance comparisdhe neural network based estimates is 0.27 mm. Similarly, in
of one-day rainfall accumulation obtained from the MarTable Il the average bias for th&y, Zpr-R estimates is
shall-Palmef- R relation and neural network based algorithmi.26 mm, however the corresponding bias for neural network
using Zyr as input, whereas in Table Il th&;, Zpr) based based estimates is only 0.18 mm.
estimates are compared with neural network estimates. Notdable IV summarizes the statistical comparison of the
that RF, in Table Il and Table Ill is defined as the dailyfour different algorithms based on two-day and four-day
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rainfall accumulations. Note thdtF'»; and RF 44 are defined APPENDIX
as the average two-day and four-day rainfall accumulation RECURSIVE LEAST SQUARE LEARNING ALGORITHM [14]
estimates over all gage sites, respectively. The neural network

based algorithm usingpy estimates two-day accumulation of - £4ryard Propagation: For jth neuron in layet, at iteration

rainfall to an accuracy of 20% and four-day accumulation ihe input is

to an accuracy of 16%. The corresponding values for the

Marshall-PalmerZ-R relation are 53% and 52%. Similarly, , Nzt -

i ithm si D=3 wimnVm) (15)
the neural network based rainfall algorithm usidg; and Yy \n Wy, j\N )2 n
Zpr, estimates two-day accumulations to an accuracy of 17% k=0

and four-day accumulations to an accuracy of 12%, whereahkere V;_; is the number of neurons in layér— 1, and
the corresponding accuracies for thg;, Zpr-R relation are Z’(j—l) is the output of thekth neuron in layer — 1, w’(j)J is
26% and 17%. The bias values for neural network basgéfe connection weight between téh neuron in |ayen‘7_ 1
estimates are significantly lower than those #R or Zy;, and thejth neuron in layeti. Notei = 1,2, 3 represents the
Zpr-R estimates. first hidden layer, second hidden layer and the output layer,
It can be observed from Table Il to Table IV that the neuespectively.

ral network based rainfall algorithms produce more accurateUsing the threshold-logic (raising ramp) as the activation
rainfall estimates than the corresponding parametric rainf@linction, the output of this neuron is
algorithms. In summary, neural network based rainfall algo- 0
rithms perform very well, providing accurate and consistent @ o J W
rainfall estimates. In addition, the estimates have low bias, and 2 (n) =< " (n), 0<y"(n) <a (16)
are highly correlated with raingage measurements of rainfall. 1 ¥(n) > a;

. . . ) J =
One more observation that can be made from above studies js
that utilizing Zpg as an input of neural network improves thd/ €€ a:

accuracy of rainfall estimates. However, a rigorous evaluati§ic" Layer(.j . d Weiaht Undating:
of the utility of Zpg in neural network formulation for rainfall Backward Error Propagation and Weight Updating:

1 = 1,2,3, are the slopes of activation function of

estimates is beyond the scope of this paper. ‘ 1 Nttt . »
()= —— 3wy (g (n) (17)
i1 =0
V. SUMMARY .AND CONCITUSION | dg)(n) _ z,(f)(n) +e§j)(n) (18)
A neural network technique to estimate rainfall based on PO(n—1)-26-D(n)
multiparameter radar measurements is introduced in this pap&i” (n) (19)

1—1 T 7 1—1
The neural network directly maps the radar observations to i‘+ (ZED )T PO(n —1) - Z267D(n)
rainfall on the ground. The training and testing of multilayerP(n) = Z[I — K@ (n) - (ZCY(n)T]- PP (n - 1) (20)
perceptrons based on radar and raingage data from fou%i) A @) )
different days during the CaPE experiment demonstrate thgg () = Wy’ (n — 1) + K/ (n)
the neural network has the ability to generate potentially more i 1 1 T i
accurate and robust rainfall estimates than the exis#ng % dé‘)(”) - a_i(Z( ') 'W’E ' -1)| @)
or Zy, Zpr-R relations. In addition, the neural network )
estimates of rainfall using botlf; and Zpy are better than whereei?) is the backward propagated error at #th neuron
the neural network estimates based & alone, thereby of layer: from layeri + 1, dgj) is the desired output of this

indicating the contribution ofZpr measurement for rainfall neuron. zG—1 = (=9 =9 (=T s the output
. . . ¥i—1
estimation in a neural network context. vector of layeri — 1. P® is a matrix of sizeN;_, x N;_;.

In this paper We_have presented a framework to devel%;(i) is the gain vector of sizeV,_; x 1. ngi) _ (wg%
neural network estimates of rainfall. The input data set to,, () o _ ’
our development involved surface distribution of radar oB¥2.ks -+ ®WN,_, &) » k¥ =1,2,..., N, are the weight vectors
servations as well as limited vertical profile. This format @€tween layet —1 and layer:.
not necessarily the only possibility of inputs to the neural 'Ntialization:
network for rainfall estimation. Potv_antially several other input w,(fZ(O) € [-0.5,0.5]
data/structures can be used as input for the network. For ’ @) _ o
example, the range to the radar has significant effect on P =051
the rainfall estimation process and can be used as an input a; = 1.0.
]E)arameter_. Advection of the storm (_:eII can al_s 0 be account&ﬂoose)\, the “forgetting factor,” close to but less than 1.0.
or by using radar scans at earlier time intervals. Thus,
in principle, the neural network based rainfall estimation
provides an easy basis to include a large number of physical
factors that affect remote estimation of precipitation using The authors would like to thank Prof. V. N. Bringi, Dr.
radar, and these issues are currently being investigated by @@gucci, and Prof. W. Krajewski for many helpful discus-

authors. sions.
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